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Abstract. Vision transformer based models bring significant improve-
ments for image segmentation tasks. Although these architectures of-
fer powerful capabilities irrespective of specific segmentation tasks, their
use of computational resources can be taxing on deployed devices. One
way to overcome this challenge is by adapting the computation level
to the specific needs of the input image rather than the current one-
size-fits-all approach. To this end, we introduce ECO-M2F or EffiCient
TransfOrmer Encoders for Mask2Former-style models. Noting that the
encoder module of M2F-style models incur high resource-intensive com-
putations, ECO-M2F provides a strategy to self-select the number of hid-
den layers in the encoder, conditioned on the input image. To enable
this self-selection ability for providing a balance between performance
and computational efficiency, we present a three step recipe. The first
step is to train the parent architecture to enable early exiting from the
encoder. The second step is to create an derived dataset of the ideal num-
ber of encoder layers required for each training example. The third step
is to use the aforementioned derived dataset to train a gating network
that predicts the number of encoder layers to be used, conditioned on
input image. Additionally, to change the computational-accuracy trade-
off, only steps two and three need to be repeated which significantly re-
duces retraining time. Experiments on the public datasets show that the
proposed approach reduces expected encoder computational cost while
maintaining performance, adapts to various user compute resources, is
flexible in architecture configurations, and can be extended beyond the
segmentation task to object detection.

1 Introduction

With the advent of powerful universal image segmentation architectures [5,6,11,
16], it is highly desirable to prioritize the computational efficiency of these archi-
tectures for their enhanced scalability, e.g ., use on resource-limited edge devices.
These architectures are extremely useful in tackling instance [12], semantic [29],
and panoptic [19] segmentation tasks using one generalized architecture, owing
to the transformer-based [31] modules. These universal architectures leverage
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Fig. 1: Comparison to prior works. Instead of con-
ventional M2F-style architecture that provides “one-size-
fits-all” solution, our method ECO-M2F focuses on training
such models in order to directly run at various resource
encoder depths by leveraging a gating function. Here,
B, E, D, and G denote the backbone, encoder, decoder,
and (our proposed) gating network, respectively.
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Fig. 2: Histogram of
images achieving best
panoptic segmentation by
number of encoder layers.

DEtection TRansformers or DETR-style [2] modules and represent both stuff
and things categories [19] using general feature tokens. This is an incredible
advantage over preceding segmentation methods [15,26,40] in literature that re-
quire careful considerations in design specifications. Hence, these segmentation
architectures reduce the need for task-specific choices which favor performance
of one task over the other [5].

State-of-the-art models for universal segmentation like Mask2former (M2F)
[5] are built on the key idea inspired from DETR: “mask” classification is versatile
enough to address both semantic- and instance-level segmentation tasks. How-
ever, the problem of efficient M2F-style architectures have been under-explored.
With backbone architectures (e.g ., Resnet-50 [13], SWIN-Tiny [22]), [20] showed
that DETR-style models incur the highest computations from the transformer
encoder due to maintaining full length token representations from multi-scale
backbone features. While existing works like [20, 24] primarily focus on scaling
the input token to improve efficiency, this approach often neglects other aspects
of model optimization and leads to a “one-size-fits-all” solution (Figure 1). This
limitation leaves significant room for further efficiency improvements.

Given this growing importance of M2F-style architectures and indispensable
need for efficiency for real-world deployment, we introduce ECO-M2F or ‘EffiCient
TransfOrmer Encoders’ for M2F-style architectures. Our key idea comes from
our observation made on the training set of COCO [21] and Cityscapes [7] dataset
demonstrated in Fig. 2. We plot a histogram of the number of hidden encoder
layers that produces the best panoptic segmentation quality [19] for each image.
It can be seen that not all images require the use of all K hidden layers of the
transformer encoder in order to achieve the maximum panoptic segmentation
quality [19]. With this insight, we propose to create a dynamic transformer
encoder that economically uses the hidden layers, guided by a gating network
that can select different depths for different images.

To achieve the aforementioned ability, ECO-M2F leverages the well-studied
early exiting strategy [17, 23, 27, 28, 30, 33, 37, 41, 44] to create stochastic depths
for the transformer encoder to improve inference efficiency. Previous exit mecha-
nisms have primarily relied on confidence scores or uncertainty scores, typically



Efficient Transformer Encoders for Mask2Former-style models 3

applied in classification tasks. However, implementing such mechanisms in our
context would necessitate the inclusion of a decoder and a prediction head to
generate a reliable confidence score. This additional complexity introduces a sig-
nificant number of FLOPs, rendering it impractical for our purposes. By contrast,
ECO-M2F provides a three-step training recipe that can be used to customize the
transformer encoder on the fly given the input image. Step A involves training
the parent model to be dynamic by allowing stochastic depths at the transformer
encoder. Using the fact that the transformer encoder maintains the token length
of the input throughout the hidden layers constant, Step B involves creating a
Derived dataset from the training dataset whose each sample contains a pair of
image and layer number that provides the highest segmentation quality. Finally,
Step C involves training a Gating Network using the derived dataset, whose
function is to decide the number of layers to be used given the input image.

The key contributions of ECO-M2F are multifold. First, given a trained M2F-
style architecture, ECO-M2F fine-tunes the model into one that allows the ability
to randomly exit from the encoder by leveraging the fact that the token length
remains constant in the hidden layers. Second, it introduces an accessory to the
parent architecture via the Gating network that provides the ability to smartly
use the encoder layers. Using this module, ECO-M2F enables the parent archi-
tecture to decide the optimal amount of layers for the given input without any
performance degradation as well as any confidence threshold (unlike prior early
exiting strategies). Third, as a result of our Gating network module’s training
strategy, ECO-M2F can adapt the parent architecture to varying computational
budgets using only Step C . On COCO [21] dataset, the computational cost of
Step B and C are only ∼6% and ∼2.5% of Step A cost, respectively. Finally,
ECO-M2F can also incorporate recent advances [20] in making transformer encoder
efficient using token length scaling, bringing best of the both methods in pushing
the limits of the efficiency. To summarize, we make the following contributions:
– We present a dynamic transformer encoder ECO-M2F for M2F-style universal

segmentation that maintains performance but reduces the computational load.
– ECO-M2F consists of a novel training recipe that leverages input image based

early exiting (in Step A), creating a derived dataset (based on training set
segmentation performance in Step B), which in turn is used to train a gating
function (using Step C ) that allows adapting the number of hidden layers to
reduce computations.

– Extensive experiments show that ECO-M2F improves the overall performance-
efficiency trade-off, and adaptable to diverse architecture settings and can be
extended beyond segmentation to the detection task.

2 Related Works

Efficient image segmentation. With the rise of transformers [31], researchers
are increasingly interested in creating image segmentation models that work ef-
fectively in various settings, without requiring segmentation type specific modi-
fications to the model itself. Building on DETR [2], multiple universal segmen-
tation architectures were proposed [5, 6, 11, 16] that use transformer decoder to
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predict masks for each entity in the input image. However, despite the signif-
icant progress in overall performance across various tasks, these models still
face challenges in deployment on resource-constrained devices. Current empha-
sis [1,4,10,14,15,38,42,43] for efficiency for image segmentation has mostly been
on specialized architectures tailored to a single segmentation task. Unlike these
preceding works, ECO-M2F makes no such assumption on the segmentation task
and addresses the limitation of inefficiency in M2F-style universal architectures
that are task-agnostic.

Early-exiting in vision transformers. Recent works on early exiting
[17, 23, 27, 28, 30, 32, 33, 37, 39, 41, 44] aim to boost inference efficiency for large
transformers. Some works [23, 28, 37] used early exiting for classification tasks
along with manually chosen confidence threshold in vision transformers. For ex-
ample, [37] proposed an early exiting framework for classification task ViTs com-
bining heterogeneous task heads. Similarly, [28] proposed an early exiting strat-
egy for vision-language models by measuring layer-wise similarities by check-
ing multiple times to exit early. Applying early exiting solely to the encoder
(like [37]) is infeasible due to the dependency on separate decoders, leading to
an unacceptable optimization load. In contrast, methods like [28] suffer from
redundant computations for exit decisions at all possible choices, hindering ef-
ficient resource allocation. In contrast, ECO-M2F only trains one decoder for all
possible exit routes, as well as uses a gating module to decide the number of
encoder layers required for the model depending on the input image.

3 Proposed Methodology: ECO-M2F

Model preliminaries. We first review the meta-architecture of M2F [5] upon
which ECO-M2F is based, along with the notation. This class of models contains

– a backbone b(·) which takes the i-th image x(i) as input to generate multi-
scale feature maps b(x(i)), represented as s1, s2, s3, s4. These multi-scale
feature maps correspond to spatial resolutions typically set at 1/32, 1/16, 1/8,
and 1/4 of the original image size, respectively.

– a transformer encoder (called the “pixel decoder” [5]), which is composed of
multiple layers of transformer encoders. The function of this module is to
generate rich token representation from {s1, s2, s3} and generate per-pixel
embeddings from s4. Each layer in the transformer encoder, denoted as fk(·)
(where k ∈ {1, 2, . . . ,K}) is successively applied to b(x(i)), with fK(·) being
the last layer in the transformer encoder.

– a transformer decoder (along with a segmentation head) that takes two in-
puts: the output of the transformer encoder and the object queries. The
object queries are decoded to output a binary mask along with the corre-
sponding class label.

For brevity, we collectively refer to the operations in the transformer decoder and
segmentation head together as h(·). Thus, the output of the meta-architecture
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with K encoder layers (a predicted mask ỹ
(i)
K and corresponding label ℓ̃(i)K ) can

be written as

{ỹ(i)
K , ℓ̃

(i)
K } = h ◦ fK ◦ · · · ◦ f2 ◦ f1 ◦ b(x(i)) . (1)

Here, the operation ◦ represents function composition, e.g ., g ◦ f(x) = g(f(x))
and subscript denotes output predicted using K encoder layers. With {y(i), ℓ(i)}
as the pair of ground truth segmentation map and corresponding label of image
x(i), the final loss [5] is computed as

LK = λmaskLmask(ỹ
(i)
K ,y(i)) + λclassLclass(ℓ̃

(i)
K , ℓ(i)) , (2)

where Lmask(·, ·) is a binary mask loss and Lclass(·, ·) is the corresponding clas-
sification loss. λmask and λclass represent the associated loss weights.

Method motivation. Our motivation stems from the observation that layers
within the transformer encoder of M2F exhibit non-uniform contributions to
Panoptic Quality (PQ) [19], as discussed in Sec. 1. This prompts us to question
the necessity of all K = 6 layers for every image and target minimizing layer
usage according to the user’s computational constraints while ensuring that over-
all performance remains within acceptable bounds. Hence, we adopt an adaptive
early exiting approach driven by three critical components:

1. Model suitability for early exiting. Traditional early exiting techniques [17,
23, 27, 28, 30, 33, 37, 41, 44] often face challenges in maintaining satisfactory
performance levels at potential exit points throughout the neural network.
We recognize the importance of a model architecture that not only allows
for early exiting but also ensures that the performance remains consistently
high. Therefore, we aim to develop a model that not only permits early
exits but also for which the accuracy steadily improves as the network delves
deeper into its architecture. By prioritizing this aspect, we seek to establish a
framework where early exiting does not compromise the overall performance
of the model.

2. Efficient and effective gating network for optimal exit decision making. The
efficacy of an early exiting strategy heavily depends on the ability to make
informed exit decisions. A gating network must strike a delicate balance,
minimizing computational overhead while effectively identifying components
that can be bypassed without compromising accuracy. Our objective is to
design a lightweight yet powerful gating mechanism capable of discerning
optimal exit points within the model architecture.

3. Dynamic control mechanism for cost-performance trade-off. We require a
mechanism with the ability to adaptively regulate the balance between com-
putational cost and performance according to user-defined priorities. Such a
mechanism empowers the model to exit at the optimal layer based on spe-
cific needs and desired outcomes, ensuring efficient resource allocation and
maximizing utility in various application scenarios, particularly in resource-
constrained environments like edge computing or real-time applications.
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Fig. 3: ECO-M2F framework. During the model pre-processing phase, we train the
model to exit stochastically at K potential exits using Step A. This is followed by
Step B , where we use this model to perform inference on the training images at each
exit to create a dataset D. In the model adaptation phase, we perform Step C to
establish a gating target based on the computational budget and train a lightweight
gating network. During inference, the network adheres to the gating network’s output
and exits at its designated output layer.

Driven by these considerations, ECO-M2F offers a novel training process that
enables an adaptive early exiting mechanism designed to bolster computational
efficiency while preserving satisfactory model accuracy. For better understand-
ing, we’ll begin with a general overview of model training and inference before
diving into the specific details of our training process.

Training and Inference overview. As shown in Fig. 3, the training phase of
ECO-M2F involves following three main steps:

• Step A: Train parent model for early exit via the transformer encoder.
• Step B : Derive a dataset (which we call the Derived dataset) from the dynamic

model obtained in Step A.
• Step C : Train the Gating Network to learn optimal exit points in the encoder

tailored to users’ requirements.

We refer to Step A and B together as model pre-processing and Step C as model
adaptation. The former is required only once, whereas the latter is repeated as
per user requirements. All these steps use the training data subset.

During inference, the gating network guides the parent model by selecting
the optimal exit point based on features extracted from the backbone with just
one forward pass for final predictions.
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3.1 Step A: Training the Model with Weighted Stochastic Depth

In this step, we enable the model to allow exiting at the encoder. To main-
tain consistently high performance at each exit point, we input each stochastic
depth’s output to a shared transformer decoder. We then apply Eq. 2 to compute
the loss Lk for each exit point k. However, we observe that direct training in this
fashion does not encourage the model to use fewer layers to extract and prioritize
informative representations, as shown in Tab. 5. To address this, we introduce a
set of coefficients αk to emphasize the quality of representations at later layers
more, enabling earlier layers to also concentrate on producing effective interme-
diate representations. As the layer depth increases, the corresponding coefficient
αk grows, ensuring a progressively stricter standard for feature quality. The new
loss function is then expressed as

Ltotal =
1

N

N∑
i

K∑
k

αkLk, where ∀k < k′, αk < αk′ , (3)

where N is the number of images in the training set, and Lk is from Eq. 2.

3.2 Step B : Deriving the Gating Network Training Dataset
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Fig. 4: Intuition for Eq. 4. This
figure shows that prioritizing PQ
would need more encoder layers, and
conversely, prioritizing lesser layers
would result in poorer PQ. (Backbone:
SWIN-T; training set).

To facilitate informed exit decisions dur-
ing inference, our approach is to train
a gating network to learn optimal exit
strategies. In this step, we facilitate this
gating network training by first deriving
an intermediate dataset.

To this end, we record the perfor-
mance of the pre-trained stochastic depth
model (obtained from Step A) at all po-
tential exit points for each image within
the training dataset and create a Derived
dataset D. Specifically, we associate the
i-th input image x(i) with a vector q(i)

of length K. Each element q
(i)
k of q(i)

represents the predicted panoptic qual-
ity [19] upon exiting at the encoder layer
k. Hence, each sample of D can be repre-
sented as (x(i), q(i)) ∈ D.

3.3 Step C : Training for Gating Network

In this step, we train the gating network on dataset D (obtained from Step B)
to self-select the number of encoder layers based on the input image. Ideally,
this module should allow exiting at the encoder layer which would result in
the highest quality segmentation map. With this in mind, we first establish the
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target exit for the gating network. Note that the panoptic quality generally
increases with increasing encoder layers (see Fig. 4). However, we would like the
gating network to prioritize increasing the panoptic quality while also reducing
the number of layers (to reduce the overall computations). Consequently, we
introduce a utility function expressed as the linear combination of segmentation
quality and the depth of the network. This function is formulated as

u(k) = q
(i)
k − βk , (4)

where β serves as an adaptation factor governing the trade-off between segmen-
tation quality and computational cost. Clearly, a higher value of β signifies a
greater emphasis on efficiency over segmentation quality. Using Eq. 4, we deter-
mine a target exit point t(i) for each image x(i) using

t(i) = argmax
k

(u(k)) . (5)

With a target designated for each image using Eq. 5, the gating decision can be
approached as a straightforward classification problem. The gating architecture
consists of a pooling operation z(·) on the token length dimension followed by a
linear layer with weights W . Its output logits can be represented as

g(i) = Wz(s
(i)
1 ) . (6)

In consideration of having minimal impact on the computations due to the gating
network, we use the output of the lowest resolution feature map s1 as input to the
pooling operation. To optimize the gating network, we use the standard cross-
entropy loss between the output logits g(i) and the one-hot version of target exit
t(i) as our training objective. During inference, the gating network identifies the
layer with the highest predicted logits, i.e., argmaxk(g

(i)
k ), as the optimal exit

layer for image x(i). Note that while there can be more complex choices for the
gating network, our simple linear layer in Eq. 6 works well in our experiments.

Saving training costs through Step C . ECO-M2F presents a distinct ad-
vantage in terms of its adaptability to varying computational constraints. In
scenarios where a smaller model is desired, ECO-M2F necessitates training solely
the gating network (i.e., repeat Step C ). Assuming that the computational load
is proportional to the depth of the network, Eq. 4 enables us to weigh the perfor-
mance gain against the computational overhead for each exit layer. We achieve
this by setting the total number of layers K to a smaller number depending
on user preferences. For instance, as illustrated in Fig. 3, User X preferring a
smaller model compared to User Y may opt for a smaller K, i.e., KX < KY .
Then, given the importance of segmentation quality, we choose β. With these
two variables set in Eq. 5, we train the gating network. This capability shows
that ECO-M2F is versatile and resource-efficient as it adapts to diverse needs and
optimizes allocations.
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3.4 Inference

In the inference phase, the gating network guides the parent model toward an
optimal exit point tailored to each input image. Similar to the training phase,
the gating mechanism receives low-resolution features from the backbone and
produces a vector of length K for each image. The value of K remains consistent
with that determined in Step C . Subsequently, the gating network identifies the
layer with the highest predicted logits as the optimal exit layer for each image.
The parent model adheres to this decision, exiting at the determined layer, and
subsequently progresses through the subsequent components to make the final
prediction. This dynamic process ensures that the model adaptively selects the
most optimal layer for exit during inference, enhancing its efficiency in handling
diverse input data.

4 Experiments

Datasets. Our study illustrates the adaptability of ECO-M2F in dynamically
managing the trade-off between computation and performance based on M2F [5]
meta-architecture. We do this on two widely used image segmentation datasets:
COCO [21] and Cityscapes [7]. COCO comprises 80 “things” and 53 “stuff” cat-
egories, with 118k training images and 5k validation images. Cityscapes consists
of 8 “things” and 11 “stuff” categories, with approximately 3k training images
and 500 validation images. The evaluation is conducted over the union of “things”
and “stuff” categories.

Evaluation metrics. We follow the evaluation setting of [5] for evaluation of
“universal” segmentation, i.e., we train the model solely with panoptic segmenta-
tion annotations but evaluate it for panoptic, semantic, and instance segmenta-
tion tasks. We use the standard PQ (Panoptic Quality [19]) metric to evaluate
panoptic segmentation performance. We report APp (Average Precision [21])
computed across all categories for instance segmentation, and mIOUp(mean In-
tersection over Union [9]) for semantic segmentation by merging instance masks
from the same category. The subscript p denotes that these metrics are computed
for the model trained solely with panoptic segmentation annotations. In terms of
computational cost, we use GFLOPs calculated as the average GFLOPs across
all validation images. All models are trained on the train split and evaluated on
the validation split.

Baseline models. We compare ECO-M2F with two sets of efficient segmentation
methods. First, we compare with our baseline universal segmentation architec-
ture M2F [5]. Further, we also integrate recently proposed transformer encoder
designs (Lite-DETR [20] and RT-DETR [24]) for efficient object detection into
M2F and named them Lite-M2F and RT-M2F, respectively. Second, we include
comparisons with recent efficient architectures that proposed task-specific com-
ponents, namely YOSO [15], RAP-SAM [40], and ReMax [26].
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Table 1: COCO evaluation. Our
method, Task-specific architectures

Performance (↑) GFLOPs (↓)Model PQ mIoUp APp Total Tx. Enc.

Backbone: SWIN-T
RT-M2F [24] 41.36 61.54 24.68 158.30 59.66
Lite-M2F [20] 52.70 63.08 41.10 188.00 79.78
M2F [5] 52.03 62.49 42.18 235.57 121.69
ECO-M2F(β = 0.0005) 52.06 62.76 41.51 202.39 88.47
ECO-M2F(β = 0.02) 50.79 62.25 39.71 181.64 67.71
Lite-ECO-M2F 52.84 63.23 42.18 178.43 64.42

Backbone: Res50
M2F [5] 51.73 61.94 41.72 229.10 135.00
MF [6] 46.50 57.80 33.00 181.00 –
YOSO [15] 48.40 58.74 36.87 114.50 –
RAP-SAM [40] 46.90 – – 123.00 –
ReMax [26] 53.50 – – – –
ECO-M2F 51.89 61.07 41.25 195.55 92.37

Table 2: Cityscapes evaluation. Our
method, Task-specific architectures

Performance (↑) GFLOPs (↓)Model PQ mIoUp APp Total Tx. Enc.

Backbone: SWIN-T
RT-M2F [24] 59.73 77.89 31.35 361.10 130.00
Lite-M2F [20] 62.29 79.43 36.57 428.71 172.00
M2F [5] 64.00 80.77 39.26 537.85 281.13
ECO-M2F(β = 0.003) 64.18 80.49 39.64 507.51 250.80
ECO-M2F(β = 0.01) 62.09 79.58 36.04 439.67 182.95
Lite-ECO-M2F 62.64 79.99 36.52 412.88 156.17

Backbone: Res50
M2F 61.86 76.94 37.35 524.11 281.13
YOSO [15] 59.70 76.05 33.76 265.1 –
ReMax [26] 65.40 – – 294.7 –
ECO-M2F 62.20 77.34 37.21 453.50 220.59

Architecture details. We focus on standard backbones Res50 [13] and SWIN-
Tiny [22] pre-trained on ImageNet-1K [8], unless specified otherwise. We set the
total number of encoder layers to be 6 following [5]. We consider layers 2 to 6 as
potential exit points, unless stated otherwise. In our gating network, we use a
straightforward 1D adaptive average pooling operation as our pooling function.

Training settings. The experimental setup closely mirrors that of M2F [5],
with all model configurations and training specifics following identical proce-
dures. We use Detectron2 [34] and PyTorch [25] for our implementation. For
the stochastic depth training phase (Step A), we initialize weights as provided
by M2F and subsequently train 50 epochs for the COCO dataset and 90k it-
erations for Cityscapes, with a batch size of 16. For the training of the gating
network (Step C ), we perform 2 epochs of training on the COCO dataset and
20k iterations on the Cityscapes dataset, employing the Adam optimizer [18].
The adaptation factor β in the utility function, as discussed in Sec. 3.3, is set
to 0.0005 for COCO and 0.003 for Cityscapes, unless otherwise specified. Dis-
tributed training is performed using 8 A6000 GPUs. On the COCO dataset, the
training time of Step A is 280 GPU hours, Step B is 17 GPU hours, and Step
C 7.2 GPU hours. Similarly for Cityscapes dataset, the training time of Step A
is 45 GPU hours, Step B is 1 GPU hours, and Step C is 7.2 GPU hours. In Step
A, we use identical settings as M2F for the loss between the predicted segment
and ground truth segment, i.e., Lk. The weight λmask is fixed at 5.0, while λclass
is set to 2.0 for all classes, except 0.1 for the “no object” class.

4.1 Main Results

In Table 1 and Table 2, we compare ECO-M2F with our baseline prior works on
the validation set of COCO and Cityscapes dataset, respectively. In Table 1,
we observe that ECO-M2F effectively reduces computational costs while uphold-
ing performance levels in comparison to M2F [5] using both SWIN-T [22] and
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Table 3: Impact of β. As the value of β
increases, the model places greater empha-
sis on reducing GFLOPs over performance
both in COCO and Cityscapes datasets.
Baseline is M2F [5]. (Backbone: SWIN-T)

Performance (↑) GFLOPs (↓)Data β PQ mIoUp APp Total Tx. Enc.

C
O

C
O

Baseline 52.03 62.49 42.18 235.57 121.69
0.0 52.24 62.95 41.61 220.61 107.18

0.0005 52.06 62.76 41.51 202.39 88.47
0.001 51.72 62.60 41.12 193.10 79.18
0.02 50.79 62.25 39.71 181.64 67.71

C
it
ys

ca
pe

s

Baseline 64.00 80.77 39.26 537.85 281.13
0.0 64.58 80.35 40.31 536.09 279.37

0.003 64.18 80.49 39.64 507.51 250.80
0.005 63.24 79.73 37.97 469.38 212.66
0.01 62.09 79.58 36.04 439.67 182.95
0.1 60.71 78.15 33.86 411.98 155.26

Table 4: Impact of K. The baseline
M2F [5] refers to the complete M2F model
trained with 6/5/4 layers for 50 epochs.
ECO-M2F pertains to the training of only
the gating network for 2 epochs by setting
K = 6, 5, 4 respectively. (Dataset: COCO;
Backbone: SWIN-T)

Performance (↑) GFLOPs (↓)
K Model PQ mIOUp APp Total Tx. Enc.

6 M2F [5] 52.03 62.49 42.18 235.57 121.69
ECO-M2F 52.06 62.76 41.51 202.39 88.47

5 M2F [5] 51.61 61.93 41.55 221.95 108.07
ECO-M2F 52.26 62.67 41.56 208.82 94.59

4 M2F [5] 51.38 62.30 41.11 208.33 94.45
ECO-M2F 52.20 62.58 41.55 202.47 88.65

Res50 [13] backbones. Additionally, ECO-M2F can be seamlessly integrated into
efficient encoder designs, such as Lite-M2F [5] [20], further reducing GLOPs by
approximately 12.6%. With Res50 as the backbone, MF [6], YOSO [15], and
RAP-SAM [40] exhibit inferior performance compared to ECO-M2F. Although
ReMax [26] demonstrates competitive accuracy, its focus on specialized panop-
tic segmentation models limits its applicability. Our work, however, aims for a
broader impact by creating efficient segmentation architectures that can be used
for various segmentation tasks. We make similar observations on the Cityscapes
dataset as presented in Table 2.

4.2 Ablation Studies

Balancing computational cost and performance. Within ECO-M2F, the
parameter β serves as an adaptation factor that governs the trade-off between
computational cost and performance. Its value, however, is contingent upon the
backbone and dataset characteristics. This dependency arises due to the dis-
parate ranges of GFLOPs and segmentation quality (represented by PQ) which
are a function of the architecture components and the training data distribution.
Fig. 5 illustrates ECO-M2F with different values of β in Step C using the exact
same weights for the parent model from Step A during inference. In comparison
to the M2Fi model (where each is trained standalone with i layers), adjusting
the value of β provides a trade-off between GFLOPs and PQ.
– Impact of adaptation factor β. We analyze the impact of β on ECO-M2F and

present our analysis in Table 3. As expected, a smaller β prioritizes segmenta-
tion quality over computations resulting in superior performance. Conversely,
a larger β signifies a greater emphasis on GFLOPs. This results in a slight
sacrifice in PQ leading to a significant reduction in GFLOPs.
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Table 5: Stochastic Depth (SD) train-
ing. Here, all models (w/ 6 encoder layers)
deterministically exit at the marked layer
at inference. “USD”: Unweighted; “WSD”:
Weighted. (Baseline: M2F w/ SWIN-T)

PQ (↑)Model 2 3 4 5 6

Dataset: Cityscapes
Baseline 03.21 14.37 26.66 42.50 64.00
w/ USD 59.96 61.85 63.18 62.98 63.73
w/ WSD 60.71 62.14 62.94 63.89 64.60

Dataset: COCO
Baseline 10.16 17.02 23.43 33.63 51.71
w/ USD 49.40 50.25 50.49 50.51 50.44
w/ WSD 50.70 51.76 52.30 52.39 52.48
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Fig. 5: M2Fi is
trained w/ total
i layers. ℓi is
result of same
model from
our Step A.
Values denote β.
Dataset: COCO.

Table 6: Impact of backbone size.
ECO-M2F shows strong performance w.r.t.
baselines across all backbone sizes on both
COCO and Cityscapes datasets while re-
ducing GFLOPs in the transformer en-
coder. †ImageNet-21K pre-trained

Performance (↑) GFLOPs (↓)Bakbone Model PQ mIOUp APp Total Tx. Enc.

Dataset: COCO

SWIN-T M2F [5] 52.03 62.49 42.18 235.57 121.69
ECO-M2F 52.06 62.76 41.51 202.39 88.47

SWIN-S M2F [5] 54.63 64.24 44.69 316.50 121.69
ECO-M2F 54.76 64.46 44.48 275.96 81.05

SWIN-B† M2F 56.40 67.09 46.29 470.98 122.56
ECO-M2F 56.49 66.56 46.40 425.17 76.50

Dataset: Cityscapes

SWIN-T M2F [5] 64.00 80.77 39.26 537.85 281.13
ECO-M2F 64.18 80.49 39.64 507.51 250.80

SWIN-S M2F [5] 64.84 81.76 40.73 724.29 281.13
ECO-M2F 65.12 81.64 41.17 665.38 222.22

SWIN-B† M2F [5] 66.12 82.70 42.84 1051.19 283.14
ECO-M2F 65.44 82.05 40.51 984.73 216.69

– Impact of total encoder layers K in the parent architecture. In situations where
computational resources are limited, we present an approach using ECO-M2F
to create a scaled-down version of the parent model. As illustrated in Tab. 4,
we analyze the impact of K set to 5 and 4 (in place of the default value of
6). We set β = 0.0005 for all the models. It can be observed that ECO-M2F
not only reduces the computational load but also preserves the performance of
the parent model. Importantly, we only execute Step C for each configuration
which involves training the gating network.

Impact of backbone features. We analyze the impact of backbone features
on ECO-M2F in Tab. 6 and Tab. 8, since our gating network mechanism takes
these features as input.
– Size variations. In Table 6, we evaluate ECO-M2F with backbones of different

sizes. Specifically, we observe the performance with SWIN-Tiny (T), SWIN-
Small (S), and SWIN-Base (B) architectures [22]. We can observe the adapt-
ability of ECO-M2F in delivering robust performance efficiency across a range
of these backbone sizes. Furthermore, this versatility of ECO-M2F extends to
Lite-M2F meta-architecture as well (see supplementary material).

– Pre-trained weight variations. We explore how different pre-training strate-
gies for the backbones affect the performance of ECO-M2F in Table 8. We
initialize the backbone weights using both supervised learning (SL) and self-
supervised learning (SSL) techniques on the ImageNet-1K dataset [8]. For SSL
pre-training on the SWIN-T [22] backbone, we utilize MoBY [35]. For SSL pre-
training on the Res50 [13] backbone, we use DINO [3]. With MoBY weights
on the SWIN-T backbone, ECO-M2F maintains 99.7% of the PQ of M2F while
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Table 7: Impact on DETR. We extend
our approach to DETR [2] for object detec-
tion tasks as ECO-DETR. (Dataset: COCO;
Backbone: Res50)

Performance (↑) GFLOPs (↓)Model AP AP50 APS APM APL Total Tx. Enc.

DETR [2] 42.0 62.4 20.5 45.8 61.1 83.59 9.92
ECO-DETR(β = 0.0001) 41.9 62.2 20.8 45.8 60.4 81.87 6.41
ECO-DETR(β = 0.001) 40.9 61.5 20.2 44.5 59.1 79.92 4.52
ECO-DETR(β = 0.01) 40.2 61.0 18.7 43.6 58.8 79.33 3.94

Table 8: Impact of backbone weights.
ECO-M2F applies to backbone weights ob-
tained through self-supervised pre-training
as well. (Dataset: COCO)

Performance (↑) GFLOPs (↓)Bakbone Model PQ mIOUp APp Total Tx. Enc.

SWIN-T(MoBY [36]) M2F [5] 51.64 62.42 41.93 235.57 121.69
ECO-M2F 51.48 62.49 41.27 203.56 89.64

Res50(DINO [3]) M2F [5] 51.57 61.65 41.24 229.41 126.05
ECO-M2F 51.89 61.67 41.30 191.97 88.50

reducing GFLOPs in the transformer encoder by 26.34%. With DINO weights
on the Res50 backbone, we observe a reduction of 29.79% in GFLOPs in the
transformer encoder, alongside a slight improvement in PQ.

Performance in object detection. To demonstrate the applicability of our
method beyond segmentation, we extend our proposed three step recipe for ob-
ject detection task using DETR [2] for object detection task and name it ECO-
DETR. In particular, we vary the values of the adaptation factor β to analyze
performance-computation trade-offs of ECO-DETR in Table 7. Clearly, the resul-
tant architecture maintains the performance but helps in reducing the compu-
tations of the encoder (e.g ., it achieves a 35.38% reduction in GFLOPs in the
transformer encoder without significantly impacting performance).

4.3 Qualitative Comparisons

We present a few examples of predicted segmentation maps in Fig. 6 with SWIN-
T [22] backbone. Compared to the parent architecture, ECO-M2F consistently
shows strong performance while self-selecting the encoder layers based on the
input examples, both in everyday scenes (on COCO dataset) as well as intricate
traffic scenes (on Cityscapes dataset).

5 Conclusions

In this paper, we propose an efficient transformer encoder design ECO-M2F for the
Mask2Former-style frameworks. ECO-M2F provides a three-step training recipe
that can be used to customize the transformer encoder on the fly given the
input image. The first step involves training the parent model to be dynamic
by allowing stochastic depths at the transformer encoder. The second step in-
volves creating a derived dataset from the training dataset which contains a
pair of image and layer number that provides the highest segmentation quality.
Finally, the third step involves training a gating network, whose function is to
decide the number of layers to be used given the input image. Extensive exper-
iments demonstrate that ECO-M2F achieves significantly reduced computational
complexity compared to established methods while maintaining competitive per-
formance in universal segmentation. Our results highlight ECO-M2F’s ability to
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Fig. 6: Qualitative visualizations. We illustrate few examples of predicted segmen-
tation maps from M2F [5] (middle column) and ECO-M2F (last column). Top two rows
are from the COCO dataset, whereas bottom two rows are from the Cityscapes dataset.
(Backbone: Swin-T) Zoom-in for best view.

dynamically trade-off between performance and efficiency as per requirements,
showcasing its adaptability across diverse architectural configurations, and can
be applied to models for object detection tasks.

Limitations. While ECO-M2F offers dynamic trade-offs between performance
and efficiency according to specific needs, the adaptation factor β is a hyperpa-
rameter that needs separate tuning for each use case. This is because it relies on
the model configuration and dataset characteristics.
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Efficient Transformer Encoders for
Mask2Former-style models

(Supplementary Material)

A Additional Experiments

Impact of backbone size on Lite-M2F. We apply ECO-M2F on Lite-M2F
using various backbone sizes, including SWIN-Tiny (T), SWIN-Small (S), and
SWIN-Base (B) architectures [22]. Lite-M2F is a specific variant based on Lite-
DETR [20]. We used the configuration named “Lite-DETR H3L1-(6+1)×1” given
its strong performance in detection relative to the computations required. How-
ever, we adjust this configuration to (5+1) when applying our approach to Lite-
M2F. Further, we use their without the key-aware deformable attention [20]
proposed in their paper. This adjustment is necessary because Lite-M2F ac-
tually has 6 encoder layers, and the original configuration might introduce an
additional layer that isn’t present in the model. Following this, we identify layers
2 to 5 as potential exits, followed by the last layer, layer 6 in the transformer
encoder. We retain layer 6 and do not consider it as a feasible exit point as
it leverages features from all scales provided by the backbone, making it es-
sential to the model’s functionality. As shown in Tab. T1, we observe that ECO-
M2F effectively reduces computational cost while maintaining performance across
Lite-M2F variants, which underscores the versatility and robustness of ECO-M2F
across different model architectures and sizes.

Impact of target and loss settings for gating network training. We
investigate various target and loss settings during the training of the gating
network. Specifically, we compare the approach detailed in the main paper, using
one-hot target and cross-entropy loss (referred to as “hard-CE” in Tab. T2), with
three alternative methods that do not involve setting a specific target exit for
each image.

First, we consider using cross-entropy loss between the output of the utility
function u(·) and the predicted logit passed through a softmax function (referred
to as “u-CE”), i.e.,

Lgating =

N∑
i

K∑
k

u(i)(k) ln[softmax(g(i)k )] .

Second, we apply a softmax function to the utility function u(k) and use
cross-entropy as the loss function (referred to as “soft-CE”), i.e.,

Lgating =

N∑
i

K∑
k

softmax(u(i)(k)) ln[softmax(g(i)k )] .
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Third, we apply a softmax function to the utility function, but use mean
squared error (MSE) loss instead (referred to as “soft-MSE”), i.e.,

Lgating =

N∑
i

K∑
k

[
softmax(u(i)(k))− softmax(g(i)k )

]2
.

The analysis in Tab. T2 is conducted using the SWIN-T [22] backbone on the
COCO dataset. We observe that “hard-CE” yields the most favorable results. As
a result, we use this approach consistently in the main paper.

Table T1: Impact of backbone size on
Lite-M2F. Our Lite-ECO-M2F maintains
the performance of Lite-M2F while reduc-
ing GFLOPs for different datasets and for
different backbones.

Performance (↑) GFLOPs (↓)Bakbone Model PQ mIOUp APp Total Tx. Enc.

Dataset: Cityscapes

SWIN-T Lite-M2F [20] 62.29 79.43 36.57 428.71 172.00
Lite-ECO-M2F 62.64 79.99 36.52 412.88 156.17

SWIN-S Lite-M2F [20] 63.54 79.74 39.12 615.15 171.99
Lite-ECO-M2F 63.32 80.21 37.91 588.82 145.66

SWIN-B Lite-M2F [20] 64.48 82.34 39.21 942.05 174.01
Lite-ECO-M2F 64.66 81.40 39.52 921.15 153.11

Dataset: COCO
SWIN-T Lite-M2F [20] 52.70 63.08 41.10 193.79 79.78

Lite-ECO-M2F 52.84 63.23 42.18 178.43 64.42

SWIN-S Lite-M2F [20] 54.30 64.81 43.94 269.26 74.45
Lite-ECO-M2F 54.47 64.14 43.55 258.00 63.96

Table T2: Impact of target and loss in
gating network training. We use “hard-
CE” loss for training our gating network
in the main paper. (Backbone: SWIN-T;
Dataset: COCO)

Performance (↑) GFLOPs (↓)Method PQ mIOUp APp Total Tx. Enc.

hard-CE 52.06 62.76 41.51 202.39 88.47
u-CE 52.16 62.58 41.57 207.49 94.06
soft-CE 51.64 62.75 40.88 202.08 87.85
soft-MSE 51.54 62.73 40.91 198.46 84.53

B Additional Qualitative Results

We provide additional examples of predicted segmentation maps in Fig. F1.
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Fig. F1: Qualitative visualizations. We provide additional examples of predicted
segmentation maps from M2F [5] (middle column) and ECO-M2F (last column). Top two
rows are from the COCO dataset, whereas bottom two rows are from the Cityscapes
dataset. Please zoom in for a clearer view of the details. (Backbone: SWIN-T)
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