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Figure 1. Comparison of performance of FAAR on different Ima-
geNet dataset versions [4] and on two different Swin Transformer
configurations [5].

In the supplementary material, we provide a more com-
prehensive understanding of our method by presenting the
following.

* More results on different pre-trained datasets, backbones,
and decoders.

* More ablation results that demonstrate the superiority of
FAAR.

* Analysis of the computational efficiency gains obtained
by FAAR.

1. Comparison of different backbones

Tab. | presents results obtained on glowingly larger con-
figurations of swin transformers, namely 7iny-, Base- and
Large- which achieve overall MTL performance of A =
+5.28, A = 4+9.23 and A = +10.30, respectively. More-
over, we present an alternative backbone and present re-
sults obtained on the Pyramid Vision Transformer (PVT)
backbone with comparison to MTLoRA [1]. These re-
sults demonstrate both the superiority and scalability of our
method.

2. ImageNet 1k vs ImageNet 22k

While the main results of our paper are reported using a
backbone pre-trained on ImageNet 1k for ease of compa-
rability, we analyze, in Fig. 1, the effect of using differ-

Table 1. FAAR Accuracy/Efficiency Comparison

Model Sem. HP Sal. Nor. Am Bp Tp
FAAR - Tiny 72.02 61.25 66.11 1635 +5.28 1.29 3.38
FAAR - Base 76.80 66.34 66.24 16.30 +9.23 3.05 5.14
FAAR - Large 77.80 68.03 66.14 16.26 +10.30 6.96 9.05
STL- PVT 68.81 61.27 62.67 1735 0  95.57 97.51

MTLoRA [2] - PVT 69.74 58.08 65.62 17.35 +1.20 6.75 8.69
FAAR (p = 0.95) - PVT 73.28 62.20 65.95 16.79 +4.12 1.54 3.63

ent versions of the ImageNet dataset [4] to pre-train our
Swin Transformer backbone. ImageNet-1K is a smaller ver-
sion of the dataset of approximately 1.28 million whereas
ImageNet-22K is a much bigger dataset variant which con-
sists of 11x times more images. Similarly to previous work
[1, 2], we observe an improvement in performance of 0.92%
and 1.3 % in relative improvement over single-task learning
between the tiny and base configuration of our swin trans-
former for ImageNet-1K and ImageNet-22K, respectively.
These results demonstrate the effectiveness and scalability
of our method.

3. Comparison of different decoders

With our frequency-centric decoder, named TS-PD, being
central in our work, we provide decoder-based compari-
son in Tab. 2. Using the same encoder for all methods, a
Swin-Tiny, pre-trained on ImageNet-22k. We compare 3
task-specific decoders typically used for dense visual tasks,
namely HRNet [7], which is our default decoder used in
our main experiments but also SegFormer [9] and Atrous
Spatial Pyramid Pooling (ASPP) [3]. For fair comparison,
we implement TS-PD inside of each. FAAR shows superior
performance with fewer trainable parameters overall. While
there are minimal, yet, additional decoder parameters due to
the injection of our TS-PD method, the substantial drop in
number of parameters brought by our Performance-Driven
Rank Shrinking (PDRS) method brings the overall number
of parameters below comparable methods. Additionally,
similarly to previous work, we observe that the best perfor-
mance is achieved with ASPP decoders. This demonstrates,
to a further extent, the importance of the choice of decoder
to tackle the complexity/efficiency trade-off.



Table 2. Performance comparison with different decoders, for various methods, on PASCAL-Context [6].

encoders, pre-trained on ImageNet-22k.

All models are Swin-Tiny

Trainable
SemSeg HumanParts Saliency Normals Am Params (M)
Model Decoder (mloU 1) (mloU 1) (mloU 1) (rmse |) (%) Decoder / All
HRNet [7] 69.44 61.08 63.24 16.47 +2.93 1.94/6.08
MTLoRA [1] (r=64) Segformer [9] 69.59 61.13 63.74 16.62 +3.00 2.08/6.22
ASPP [3] 72.32 59.84 60.98 16.51 +3.83 12.44/16.58
HRNet [7] 72.05 61.60 65.45 16.70 +4.67 1.94/4.78
TADFormer [2] (r=64) Segformer [9] 72.33 61.16 65.80 16.87 +4.51 2.08/491
ASPP [3] 73.66 60.37 65.27 16.43 +5.09 12.44/15.27
HRNet [7] 73.30 61.70 66.30 16.25 +6.15 2.09/3.38
FAAR (7init=64) Segformer [9] 73.39 61.73 66.35 16.35 +6.08 2.23/3.52
ASPP [3] 74.04 62.09 66.11 16.17 +6.62 12.59/13.88
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Figure 3. Analysis of the effect of the rank shrinking method
on both epoch running time (in minutes), for batch size 32 and
GFLOPs.

4. Analysis of FAAR computational efficiency

We analyze in Fig. 3 and Tab. 3 the effect of our method on
computational efficiency from both a wall-clock time, time
complexity and computational complexity (in GFLOPs)
perspective. All the presented illustrations were obtained
using a Swin-Tiny as backbone with a batch size 32 for 300
epochs with a r or 7,4 (for our method) of 32. In addition,
results were obtained on a single A40 NVIDIA GPU.

4.1. FAAR: Computational Complexity

Fig. 3 demonstrates the computational complexity of
FAAR. By keeping the configuration for which we set
Pshared = Ptask = 0.95. Our method shows a combined
progression of rank, epoch time and GFLOPs. For the first
20 epochs, our method drastically reduces the rank from an
initial rank 7;,;; = 32 to an efficient rank r.yy = 5. Over
the these starting epochs, we observe a drop in GFLOPs
from approximately 42 to 38. This demonstrates the effec-
tiveness of our rank shrinking method in bringing a compu-
tationally efficient method. Moreover, we illustrate the su-
periority of our model compared to similar work in Tab. 3.
Our model achieves less complexity by having approxi-
mately 38 GFLOPs, reducing the count of 5 and 4 from
TadFormer [2] and MTLoRA [1], respectively.

4.2. FAAR: Training Time

We demonstrate the effectiveness of FAAR to reduce train-
ing time due to its efficient rank shrinking method. We
observe in Fig. 3 a decrease from approximately 8.2 min-
utes of running time per epoch to approximately 7.5 min-
utes. Moreover, we show the superiority of our method
by achieving, compared to other methods, a reduction of
3 hours, from 40 hours for other works [1, 2] to 37 hours
for FAAR.



Table 4. Adapter Locations
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4.3. Effect of different coverage criterion

We analyze in Fig. 2 the effect of our hyper-parameter cov-
erage criterion, noted pPspared and pqsk. We observe the
behavior of 4 different values of p, noted k in the figure. As
intended, this hyper-parameter controls the convergence of
FAAR to lower ranks. A high value will lead to slow con-
vergence, while a lower value brings a steep and fast con-
vergence. We observe that while the average overall rank
of the model varies differently for different values of p for
the first 10 epochs, all values converge approximately to an
average global rank of ~ 5. We observe in our own ex-
periments, not reported in this paper, that the effect of p is
minimal, but tends to be slightly more performant and sta-
ble at higher values (i.e. pshared, Ptask = 0.95) based on
validation set performance.

5. Comparison of different cross-task interac-
tions

Our TS-PD leveraging FFTs addresses an important im-
provement in dense MTL, overlooked by previous PEFT
methods, which is to improve the spatial awareness of each
task while maintaining cross-task consistency. This chal-
lenge cannot be solved by our rank-pruning strategy PDRS;
simply, PDRS and TS-PD both focus on improving the effi-
ciency of MTL yet arise from different aspects and are com-
plementary. Next, we demonstrate in Tab. 5 the efficiency
of TS-PD compared to well-known cross-task interactions
in MTL. Ours provides on-par improvement at about half
the cost in parameters (p), suggesting that the XT-Cons in-
side TS-PD could be replaced by non-frequency cross-task
interactions, however, at the cost of additional parameters.

6. Adapted layer comparison

FAAR follows the findings of MTLoRA [1] regarding the
type of trained layers. We experiment with different task-
specific adaptation locations and demonstrate in Tab. 4 that
(1) the effectiveness of adaptation for all layers and (2)
deeper layers (3,4) are more performant for adaptation. This
is due to deeper layers learning more complex and task-
specialised patterns.
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