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Abstract

Recent advances in image-based saliency prediction are
approaching gold standard performance levels on exist-
ing benchmarks. Despite this success, we show that pre-
dicting fixations across multiple saliency datasets remains
challenging due to dataset bias. We find a significant
performance drop (around 40%) when models trained on
one dataset are applied to another. Surprisingly, increas-
ing dataset diversity does not resolve this inter-dataset
gap, with close to 60% attributed to dataset-specific bi-
ases. To address this remaining generalization gap, we
propose a novel architecture extending a mostly dataset-
agnostic encoder-decoder structure with fewer than 20
dataset-specific parameters that govern interpretable mech-
anisms such as multi-scale structure, center bias, and fixa-
tion spread. Adapting only these parameters to new data
accounts for more than 75% of the generalization gap, with
a large fraction of the improvement achieved with as few as
50 samples. Our model sets a new state-of-the-art on all
three datasets of the MIT/Tuebingen Saliency Benchmark
(MIT300, CAT2000, and COCO-Freeview), even when
purely generalizing from unrelated datasets, but with a
substantial boost when adapting to the respective training
datasets. The model also provides valuable insights into
spatial saliency properties, revealing complex multi-scale
effects that combine both absolute and relative sizes.

1. Introduction

Understanding and predicting where we look is valuable
for numerous reasons. Scientifically, it provides insights
into visual processing in the retina and the brain, memory,
emotions and cognitive processes and task driven behaviour.
Practically, it enhances applications such as better compres-
sion methods, optimized layouts, robotics, and efficient al-
location of computational resources. The field of saliency
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prediction – the endeavor of predicting where humans look
in images using saliency models – is highly active, with a
plethora of different saliency models being developed.

The standard benchmark in the field is the MIT300
dataset [27] of the MIT/Tuebingen Saliency Bench-
mark [33]. Recently, the performance on this benchmark
has started to plateau [32], raising questions about whether
the field has reached its limits in spatial saliency predic-
tion [15].

While there is plenty of room for extensions such as in-
corporating dynamic eye movements [1, 17, 55, 70], stim-
ulus dynamics [15, 40], or more top-down and task-driven
effects [9, 52, 56], spatial saliency remains crucial for many
applications. For concluding that spatial saliency is solved
to an extent that is useful for real-world applications, mod-
els would need to perform well beyond datasets seen during
training. To that end, we conduct a systematic study across
five different large saliency datasets and test how well mod-
els transfer from one or multiple of these datasets to another.
We find a large generalization gap even when training on
multiple different saliency datasets. This indicates that the
advantages of training on vast amounts of data – the key
behind the success of recent (foundation) models – are out-
weighed by dataset-specific differences.

To address this issue, we propose a saliency model that
is able to account for dataset biases with less than 20 in-
terpretable parameters. Adapting only the bias parameters
to new data closes about 75% of the generalization gap and
can be done on as little as 50 samples. This allows us to sub-
stantially improve the state-of-the-art on the MIT300 [27],
CAT2000 [4] and COCO-Freeview [10] benchmarks in gen-
eralization, adaptation and full-training settings. Further-
more, analyzing the learned dataset specific parameters pro-
vides valuable insights into the variability of saliency across
datasets. Our main contributions are as follows:

• We identify and quantify large performance penalties
when transferring predictions from one or many saliency
datasets to an unseen saliency dataset (inter-dataset gap
and generalization gap).

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Model Architecture: An input image is rescaled into
different resolutions, some defined in total image size in pixels,
others in pixels per degree of visual angle. For each image, deep
activations from CLIP and DINOv2 encoders are extracted and av-
eraged across scales, from which a priority map is decoded which
is then postprocessed with Blur, priority scaling and centerbias.
See Appendix Figure 9 for a larger version.

• We attribute the generalization gap to multiple dataset bi-
ases that hinder high saliency prediction performance on
unseen datasets: center bias, multiscale distribution, pri-
ority scaling and fixation scatter

• We propose a new saliency model built on a multi-
scale backbone architecture which features a simple de-
coder and incorporates less than 20 interpretable dataset-
specific parameters to account for the identified dataset
biases.

• We demonstrate that adapting only the dataset biases pa-
rameters to unseen data successfully closes about 75%
of the generalization gap in a very data-efficient and
parameter-efficient way.

• We set a new state-of-the-art on the MIT300, CAT2000,
COCO-Freeview benchmarks for generalization, adapta-
tion and full training settings, improving AUC perfor-
mance by at least 1% compared to previous state-of-the-
art on all benchmarks.

2. Related Works

Since Itti and Koch proposed the first image computable
saliency model [24], a myriad of different saliency mod-
els have been proposed. Early saliency models mostly fol-
lowed the spirit of the Feature Integration Theory [64] and
proposed that saliency depends on low-level image features
such as contrast and edges [5, 20, 29, 51, 63, 75]. Later,
more and more high-level and semantic image features have
been used to predict where people look [7, 27] and nowa-
days in the computer vision community saliency denotes
whatever predicts where people look. The eDN model [65]
introduced deep learning to the field and DeepGaze I [34]
introduced transfer learning from deep features to improve
prediction performance. Since then, all high-performing
saliency models are deep learning based models using some

kind of feature transfer from other computer vision tasks
[22, 30, 31, 36]. The concept of deep feature transfer has
since then been augmented with a variety of techniques to
improve prediction performance.

The SALICON model [22] uses a two-scale backbone.
Here, we extend and adapt this approach to use a substan-
tially larger number of scales of absolute and relative size,
and we don’t concatenate the features from multiple scales,
but average them. EML-NET [25] uses multiple layers
from multiple backbones, which is related to our approach
of combining deep features from CLIP and DINOv2 back-
bones. The UNISAL model [15] trains a saliency model
jointly for video and image saliency datasets and uses some
domain specific modules to adapt to the different domains.
Here we focus only on combining multiple image saliency
datasets and analysing the differences within this domain.
Furthermore, in UNISAL, most domain specific parame-
ters are not interpretable (batch norm adaptation and linear
weights for deep features). Finally, while both UNISAL
and we learn domain or dataset specific parameters, our
number of parameters is magnitudes smaller, enabling data-
efficient adaptation to new datasets. SalFBNet [13] intro-
duced feedback connections from deeper layers of the en-
coder network to early layers to allow adaptation of low-
level features with high-level knowledge. In addition, they
pretrained the model on a pseudo saliency dataset obtained
by averaging the predictions of top performing saliency
models on a large set of images. DeepGaze IIE [39] em-
ployed an ensembling strategy (see also [65]) to average
predictions from multiple internal saliency models using
different encoder backbones and showed that this results in
high performance and good confidence calibration on new
datasets. DeepGaze IIE currently represents the state of the
art in all datatsets and benchmarks presented in this paper.
Most saliency models use convolutional architectures which
keeps the spatial information in a very direct way, more re-
cently also transformer architectures have been introduced
[14, 43, 72]. Here, we combine convolutional and trans-
former based backbones. Recently, researchers tried to im-
prove saliency prediction by adding time [2], Augmenta-
tions [3], explicit global semantic interactions [71] or self-
knowledge distillation [60, 61]

The field of eye movement prediction has recognized
that different conditions can affect attention behaviour [73]
and models have been proposed to capture this. However,
these works usually included much more different modali-
ties where differences in behavior are more expected (e.g.,
images/video [15] or natural images/webpages and differ-
ent observer tasks [38]. Opposed to this, [8] compare dif-
ferent freeviewing image datasets and analyze semantic dif-
ferences in the fixation distribution, but do not adapt them
to new datasets.

The problem of dataset biases has been recognized in

22078



other fields of machine learning before [42, 62] and a vari-
ety of adaptation methods tailored more towards large scale
datasets have been proposed. Most notable and successful
are the test time adaptation methods [53, 67]. Our approach
distinguishes itself from typical test-time adaptation meth-
ods in that we build on few mechanisms tailored towards
the saliency use case, resulting in few interpretable parame-
ters allowing insights into differences between datasets and
highly data-efficient adaptation.

3. Model
Overall model architecture Our model architecture is
visualized in Figure 1 and can be seen as a variant of
the DeepGaze architecture [36, 39] that has been extended
with more modern backbones, a multiscale architecture and
where some parameters have been made dataset-dependent.
Firstly, an input image is rescaled into different resolutions.
Secondly, for each resolution, deep activations from pre-
trained backbones are extracted. Thirdly, the activations
from all scales are scaled into a common resolution and
combined into a weighted average. Fourthly, the result-
ing feature maps are decoded into a single spatial priority
map with a readout network [36], consisting of five lay-
ers of 1x1 convolutions. The small number of parameters
makes the readout network trainable on datasets with only
1000 images. Lastly, the spatial priority map is multiplied
with a priority scaling factor, blurred with a Gaussian and
combined with a precomputed center bias log density map
which can be down weighted with a weight factor. The re-
sult is converted into a probability distribution over pixels
using a softmax. In the following we detail our extensions
to previous DeepGaze architectures. For a precise mathe-
matical formulation and more details on the model archi-
tecture see Appendix H.
Multiscale feature extractor Our multiscale feature ex-
tractor rescales the input image into different resolutions be-
fore using the backbones to extract features. Importantly,
we use two different sets of scales: The relative scales
rescale the images to different sizes given in pixels. The
relative scales find patterns that have a certain size relative
to the full image. The absolute scales on the other hand
rescale images to have a fixed resolution in pixel per degree
of visual angle (px/dva) and hence depend on how large
the image was seen by observers. We call these the abso-
lute scales, because they are sensitive to the absolute visual
size of objects independent of the image size. Using both
scales together allows to disentangle saliency effects of rel-
ative and absolute visual size and build a model that can be
applied to new datasets in a meaningful way without hav-
ing to reason about the right input resolution of an image
(opposed to all other compared models).
Pretrained Backbones For each resolution we extract
deep activations from two different pretrained backbones

which are then concatenated: CLIP [49] is very good at en-
coding global information about a scene [28, 41, 74], while
DINOv2 [45] is designed to encode very precise local infor-
mation. Together they should allow to reason about objects
within context.
Dataset Biases Nearly all parameters of our model are en-
compassed by the readout network with a total of 26,460
parameters which are trained jointly across datasets. The
remaining parameters are what we call dataset bias param-
eters: they are dataset specific and control interpretable
mechanisms. The dataset bias parameters are: the multi-
scale averaging weights which constitute 10 dataset bias
parameters that model the relationship between how large
the object is both relative to the image but also in terms of
how large the object is perceived visually [48]; the prior-
ity scaling models how much more salient, e.g. a face is
compared to a house, and we assume it will vary depending
on the experimental conditions, e.g., the engagement of the
observers; the blur size specifies the size of the blur kernel
(specified in dva) as we assume that datasets might differ in
how much fixations are spread out around objects; the cen-
ter bias constitutes 2-5 dataset bias parameters depending
on how exactly the center bias is modeled (see Appendix
E for more details). It is the spatial prior of the model and
encodes a tendency to fixate more towards the center of the
image [58]. Lastly, the center bias weight accounts for the
fact that a part of the empirical centerbias from the data,
which we use in our models as spatial prior, is explained
from image content [16] and hence already predicted by the
readout network. Hence, we allow our models to down-
weight the center bias and make this weight dataset depen-
dent as it depends on the image selection in the datasets. In
total, this amounts to fewer than 20 dataset bias parameters
with interpretable values. We refer to model variants where
the bias parameters are identical across datasets as naive, as
opposed to the full, bias-aware model.
Generalization and Adaptation Since our model has
dataset-specific parameters, applying it to a new dataset re-
quires specifying them. In the generalization setting, we use
the average of the dataset bias parameters across all train-
ing datasets (including the center bias, where we average the
fixation distributions). In the adaptation setting, we finetune
the bias parameters on the new dataset.

4. Experiment Setup
Datasets We use five different datasets in our study:
MIT1003 [27], CAT2000 [4], COCO Freeview [10, 72],
DAEMONS [57] and FIGRIM [6]. Where included, we
discard the initial forced fixation. Unlike all other datasets,
FIGRIM technically is not freeviewing data since subjects
are doing an image reidentification task where they have
to identify repeated image presentations. However, in free-
viewing experiments, subjects are commonly told that they
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will later have to re-identify images to keep engagement up.
Hence, we assume that in FIGRIM, the eye movement data
for the first presentation of each image to a subject is es-
sentially freeviewing data. We exclude eye movement data
from repeated image presentations. We noticed that the
CAT2000 dataset contains an artifact, which we filtered out
(see Appendix L). For more details on the used datasets in-
cluding validation splits see Appendix I.
Loss function and training settings Since our model
computes a 2d fixation probability distribution, we can com-
pute average log-likelihood for ground truth fixations by
taking the log-probability of the pixel for each fixation and
averaging values. Log-likelihood has been shown to be a
very powerful loss function for saliency models that gen-
eralizes very well to all commonly used saliency metrics
[32, 35, 37]. All our models are first pretrained on the SAL-
ICON dataset [26] and then trained in the actual training set-
ting. Overall, we have 4 main training setups: (1) we train
one model individually on each dataset and evaluate it on all
datasets; for each dataset we train (2) one bias-naive model
on the four other datasets (leave-one-out setting) and evalu-
ate the target dataset and (3) one bias-aware model which is
evaluated with averaged or adapted dataset parameters; (4)
lastly, we train the full model on all five datasets. For more
details on the training see Appendix J.
Comparison Models We include two baseline models.
The centerbias model is a KDE which, for each image, uses
the fixation locations from all other images in the dataset.
The centerbias quantifies how well fixations can be pre-
dicted without taking image content into account.The gold
standard model estimates inter-observer consistency and is
implemented as suggested by [32], as a regularized KDE
which is crossevaluated in a leave-one-subject-out-setting.
In some figures, we specify the gold standard as a range
with the upper limit being the mixture of all observer’s gold
standard models. For more details on the baseline models,
see Appendix K. For comparing to previous state-of-the-art
we include DeepGaze IIE [39], UNISAL [15], SalFBNet
[13] and EML-Net [25]. Each of the models is applied in
the resolution which resulted in the highest performance on
each the dataset.
Metrics For our internal analyses and evaluations, we
use information gain [32, 35]. Information gain (IG)
measures difference in log-likelihood between a candi-
date model and a baseline model: IG(p̂|pbaseline) =
1
N

∑N
i=0 (log p̂(xi | Ii)− log pbaseline(xi | Ii)), where xi

are the fixation locations and Ii denotes the image they oc-
cured on. Unlike other metrics, information gain is a ratio
scale where differences and ratios of thereof are meaning-
ful, which is needed to answer questions like “how much
of the generalization gap has been closed” [32]. We report
information gain relative to the center bias model, quanti-
fied in bit per fixation. For comparing to other models, we
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Figure 2. Performing well on unseen datasets is hard due to
dataset biases: we show model performances averaged across
all five datasets under different training conditions. Generaliz-
ing from one dataset to another incurs a substantial performance
penalty (“inter-dataset gap”), which largely cannot be fixed by
simply training on more other datasets (remaining “generalization
gap”). However, accounting for a few dataset biases parameters
and adapting them can mostly close the generalization gap. Per-
formances are mean dataset performances averaged across the five
datasets, error bars for paired comparisons are according to [11]
and [44].

furthermore evaluate the commonly used AUC [59] metric.
For probabilistic models (DeepGaze IIE, UNISAL and our
models) we evaluate AUC on the log densities [37].

5. Results

Dataset bias parameter adaptation is crucial for im-
proved performance on new datasets In Fig. 2 we show
our main results: Compared to full training on all five
datasets, we find that naively generalizing from one dataset
to another one results in a substantial performance drop
(inter-dataset gap) of more than 40% information gain. Op-
posed to what one might expect, this gap cannot be closed
by simply training on more diverse data: When training
naively on four other datasets, 58% of the inter-dataset-
gap still remains: there is a substantial generalization gap
to unseen datasets. By adapting just the dataset-specific
parameters of our bias-aware model to the target dataset,
we close 76% of the generalization gap and reach close to
full performance. For all training setups we report aver-
ages over mean scores from all five datasets. In Tab. 1 we
show performances per dataset and also evaluate AUC. In
App. B we also compare with older saliency models, which
on CAT2000 outperform some DNN based models.

Adaptation bias parameters is data efficient We test
how well we can adapt the dataset bias parameters to unseen
datasets when using limited data in our leave-one-dataset-
out setting. To this end, we adapt the dataset parameters on
small random subsets of the target dataset and evaluate on
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Table 1. Performance of our model and previous state-of-the-art models. Best performance in is indicated in bold, second best is underlined.
“generalization” refers to training on the respective four other datasets and evaluation with average dataset biases, “adaptation” refers to
training on the respective four other datasets and evaluation after adapting the dataset bias parameters to the target dataset. Models are
sorted by average AUC. See App. B for an extended version with more comparison models.

Model MIT1003 CAT2000 COCO Freeview DAEMONS FIGRIM average
IG AUC IG AUC IG AUC IG AUC IG AUC IG AUC

EML-NET - 0.842 - 0.766 - 0.817 - 0.766 - 0.832 - 0.805
SalFBNet - 0.883 - 0.858 - 0.868 - 0.774 - 0.886 - 0.854
UNISAL 1.006 0.887 0.099 0.865 0.712 0.873 0.712 0.809 0.771 0.892 0.660 0.865
our model, generalization 1.172 0.902 0.249 0.878 0.889 0.886 0.538 0.800 0.883 0.905 0.746 0.874
DeepGaze IIE 1.113 0.894 0.315 0.878 0.846 0.881 1.006 0.822 0.877 0.899 0.831 0.875
our model w/o biases, generalization 1.123 0.898 0.259 0.879 0.897 0.887 0.625 0.808 0.954 0.907 0.772 0.876
our model, adaptation 1.217 0.904 0.469 0.887 0.965 0.890 1.149 0.840 1.059 0.911 0.972 0.886
our model, trained on all 1.240 0.905 0.522 0.891 1.031 0.895 1.258 0.848 1.117 0.915 1.034 0.891
our model, trained per dataset 1.217 0.903 0.535 0.891 1.040 0.895 1.272 0.850 1.105 0.914 1.034 0.891

Gold Standard (subject-LOO) 1.213 0.901 0.494 0.885 0.869 0.880 1.347 0.850 1.054 0.907 0.995 0.885
Gold Standard (upper bound) 1.829 0.945 0.873 0.920 1.511 0.935 1.722 0.899 1.642 0.947 1.515 0.929

jointly trained
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Figure 3. Performing well on multiple datasets is hard without
taking dataset biases into account: We compare the performance
of our full jointly trained model with dataset biases to the perfor-
mance of a naively trained model and see that the naive model
performs worse.

the full validation split. Due to the small sample sizes, for
the model centerbias, we use a mixture of a KDE, a cen-
tered Gaussian and a uniform component (for more details
see Appendix E).

As shown in Fig. 4 we outperform the generalization
case with as little as 5 to 10 images for finetuning. With
50 images we already perform close to the full adaptation
score. This demonstrates that the dataset bias parameters
can successfully be adapted using minimal data, which is an
important consideration for real world applications. Since
all our dataset bias parameters are interpretable, it may even
be possible in some use cases to infer them without any data,
yielding performance that surpasses merely averaging the
biases of all training datasets.

Dataset bias parameters are critical for achieving strong
performance across multiple datasets Opposed to the
leave-one-out-setting before, in Fig. 3, we compare for each
dataset the performance of our jointly trained model with

dataset biases with two other training setups: the model
is trained jointly on all datasets but without the dataset-
specific bias parameters (left) and the model trained sepa-
rately for each dataset (right). We see that the joint model
without dataset-specific bias parameters performs worse on
all datasets compared to models trained separately. This
finding supports our hypothesis that datasets differ in ways
that overshadow the benefits of better learned patterns due
to more diverse training data. Adding dataset specific bias
parameters to the jointly trained model compensates for this
problem and results in performance comparable to individ-
ually trained models. The fact that the joint bias-aware
model does not yet outperform individually trained models
suggests that additional dataset biases, e.g. semantic biases,
might be at play which our model does not capture yet.

Interestingly, the performance drop of the naive jointly
trained model is not as large as in the generalization case
above. This suggests that the naive model implicitly tries to
model some biases by detecting the dataset from the input
image and using this information in the saliency decoder,
by, e.g. computing a center bias from border artifacts in the
backbones, which will work only as long as we stay within
the training domains.

A new state-of-the-art for free-viewing fixation pre-
diction We test our model on the three datasets of the
MIT/Tuebingen Saliency Benchmark [33]: MIT300 (the
test set for MIT1003), CAT2000 and COCO-Freeview in
three different setups: generalization and adaptation of the
bias-aware model trained on the respective four other train-
ing datasets, and full joint training. For all models and
datasets, we set a new state-of-the-art. In particular, with
full joint training increasing the main ranking metric AUC
by at least 1.1%–1.5% in all datasets, with adaptation a
close second, emphasizing the power of our modeling ap-
proach (Tab. 2, also Appendix A for all metrics).
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Figure 4. Low data apdatation: adaptation performance depending on the number of images used for adaptation. We outperform gener-
alization with average dataset biases with as little as 5-10 images and reach close to full adaptation performance with around 50 images
(vertical lines). Errorbars indicate variance over multiple runs with different random subsets.

Table 2. MIT/Tuebingen Saliency Benchmark: We set a new state-of-the-art on all datasets with generalization, adaptation and full training.

MIT300 CAT2000 COCO-Freeview
Model IG AUC sAUC IG AUC sAUC IG AUC sAUC

TempSAL - 0.863 0.748 - 0.844 0.638 - 0.857 0.708
DeepGaze II 0.951 0.876 0.784 0.084 0.864 0.650 0.664 0.870 0.740
EML-NET - 0.876 0.747 - 0.831 0.585 - 0.845 0.707
SalFBNet 0.819 0.877 0.786 - 0.855 0.633 - 0.872 0.710
UNISAL 0.951 0.877 0.784 0.032 0.860 0.668 0.749 0.877 0.758
Clueify - 0.881 0.765 - - - - - -
DeepGaze IIE 1.071 0.883 0.794 0.189 0.869 0.668 0.860 0.882 0.767
Ours (generalized) 1.198 0.893 0.814 0.203 0.871 0.689 0.947 0.890 0.786
Ours (adapted) 1.236 0.894 0.815 0.433 0.881 0.690 1.011 0.893 0.788
Ours (full joint training) 1.246 0.894 0.816 0.493 0.885 0.700 1.073 0.897 0.795

Interobserver consistency 1.3239 0.8982 - 0.4730 0.8840 0.6930 0.8673 0.8829 -
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Figure 5. Contribution of different biases to closing the generaliza-
tion gap. Performances are averages across the five datasets. Error
bars [11, 44] are quite large because contributions differ across
different datasets (Appendix, Fig. 14)

6. Analyses and Ablations

Importance of different dataset biases: In order to un-
derstand which of the different dataset biases implemented
in our model are most relevant for closing the generaliza-
tion gap, we conduct an ablation study in the leave-one-
dataset-out setting: We start evaluating each target-dataset
in the generalization setting with averaged bias parameters.
We then adapt more and more bias parameters on the target
dataset to see how performance increases. Results averaged

across all five datasets are shown in Fig. 5. We see that cen-
terbias and multiscale weights contribute equally and ac-
count for a large part of the performance gain. Priority scal-
ing adds a bit more, the other effects are barely noticable
in the dataset average. However, if we compare the perfor-
mances separate for each dataset (Appendix Fig. 14), we
see that which bias matters how much varies from dataset
to dataset. MIT1003 and CAT2000 gain from adapting the
centerbias weight, and DAEMONS and FIGRIM gain from
adapting the blur size, showing that each bias effect is useful
for some datasets.

Case studies: In Fig. 6, we analyse example predictions
from cases where our model outperforms the previous state-
of-the-art DeepGaze IIE most (success cases), or where it
misses most performance compared to inter-observer con-
sistency (failure cases). We find that our model excels
at predicting fixations at hidden faces, objects like instru-
ments and toy animals and gets less distracted by some pat-
terns. This shows that our model not only quantitatively,
but also qualitatively improves over DeepGaze IIE. In terms
of failure cases, we find that the model underestimates the
saliency of low level pattern and abstract drawings, overes-
timates the salience of background objects and misses fix-
ations on occluded objects. Fixing these issues would both
require better high-level understanding of scenes as well as
a better understanding of the interplay between high-level
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DeepGaze IIE interobserver consistency our model(a) (b)

Figure 6. Successes and failure cases. (a) Images where our model improves a lot compared to DeepGaze IIE. Areas with notable structure
are highlighted: 1. finds the hidden face, 2. sees the instrument, 3. sees the toy animal under foot, 4. doesn’t get distracted by ceiling lamps
and chairs. (b) Images where the model misses patterns: 1. misses the low-level pattern in lower right (broken circle), 2. misses the drawing
in upper right, 3. overestimates the salience of dish in background, 4. misses that people look at an occluded location and overestimates
legs. We use pixelwise information gain difference [35] to visualize where model predictions differ.

and low-level visual features and demonstrates that spatial
saliency is still not solved.
Ablation relative to previous SOTA: In Fig. 7a we com-
pare the performance of different models which step by step
transform the previous SOTA model DeepGaze IIE into our
new model to quantify the contribution of the different ar-
chitectural elements. We see that each of the three main
architectural changes (replacing the ensemble over multi-
ple backones with a combined CLIP+DINOv2 backbone,
adding a multiscale feature extraction and finally making
the bias parameters dataset dependent) contributes to the in-
creased performance of our new model.
Dependency on backbone: To make sure that our claims
about inter-dataset gap, generalization gap and closing
thereof with few dataset biases do not depend on our spe-
cific backbone (CLIP+DINOv2), we run the same exper-
iments with a variety of different backbones. The back-
bones are choosen to include the backbones from DeepGaze
I [34], DeepGaze II [36] and some of the backbones used in
DeepGaze IIE [39]. The results are shown in Fig. 7b and
confirm that our results hold across backbones.
Different generalization strategies: In Fig. 7c we show
that generalization from a naive-model, generalization from
the bias-aware model and generalization via ensembling of
per-dataset trained models perform roughly on par and far
worse than the bias adaptation. Which generalization strat-
egy works best differes from dataset to dataset.
Inspection of dataset bias parameters: In Figure 8 we
show how some of the dataset specific parameters differ
across datasets for the model jointly trained across all five
datasets. In Figure 8a we see that all datasets require
both absolute and relative scales but the specific differ sub-
stantially across datasets. DAEMONS requires very high-

resolution scales, FIGRIM profits from low-resolution rela-
tive scales and most other datasets are roughly in the mid-
dle. In Figure 8b we show the learned priority scaling pa-
rameters across dataset and as a function of presentation
time. Again the learned values differ substantially. There is
a clear dependency on presentation time, as, e.g., also sug-
gested by Schütt et al. [54], but also variance beyond that
(as visible for CAT2000 vs COCO-Freeview). We also find
that the Gaussian blur differs substantially across datasets
with DAEMONS requiring much smaller blur size, and
that the centerbias weights differ across datasets (Appendix
Fig. 18).

In Figure 8a we also show the multi scale weights
learned for a dataset agnostic model (dashed line). This
shows that saliency follows a complicated multiscale dis-
tribution, which requires both information about absolute
size (left subplot) as well as relative size (right subplot).
Further analyses and ablations In the Appendix we in-
clude additional analyses: We conduct a sensitivity analy-
sis for the bias parameters (Appendix C), we test general-
ization and adaptation on the Toronto, Kienzle and SAL-
ICON datasets (Appendix D), we explore differences be-
tween models trained across datasets or individually (Ap-
pendix G), we assess relevance of different parts of the mul-
tiscale architecture in an ablation study (Appendix F) and
we compare different strategies for modeling the center bias
(Appendix E)

7. Discussion
Our results demonstrate that despite the perceived satura-
tion in performance on the MIT300 benchmark, substan-
tial improvements in image-based saliency prediction are
still achievable. While training on larger and more diverse
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Figure 7. Ablations. (a) Performance gain on the combination of the five dataasets, compared to the previous SOTA model DeepGaze IIE:
About half of the performance gain comes from training on the give datasets, the other half is due to architectural changes, comprised of
the better backbone, the multiscale architecture and the dataset biases. (b) We run our main experiment with many different backbones to
confirm that the results about inter-dataset gap, generalization-gap and adaptation hold across backbones. (c) Generalizing from a naive
model, from a bias-aware model with averaging and via ensembling single-dataset trained models performs roughly on par.
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dataset agnostic model. (b) priority scaling learned per datatset as a dependency of presentation time. The reported errors are bootstraped
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datasets is crucial for achieving high performance, we find
that dataset-specific biases hinder good performance on un-
seen datasets and result in a substantial generalization gap.
A large part of this gap can be explained with few in-
terpretable mechanisms than can be estimated very data-
efficiently on new data, and which are even important to
achieve high performance across many training datasets.

Since to a large degree, the bias parameters are likely
to depend on the experimental conditions more than on the
images themselves, explicitely modeling them is also im-
portant for learning good general saliency representations:
it avoids that models need to learn shortcuts to essentially
make different predictions depending on which dataset an
image seems to belong to. One exception might be the
multiscale structure, where we expect also an image depen-
dency, which we hope to explore in the future.

We propose that future saliency research should focus
on integrating many available datasets to develop models
with robust generalization capabilities. When benchmark-
ing models, it is preferable to evaluate them without re-
training on multiple datasets. An interesting approach could
be to start reporting aggregated performances over multiple
datasets. If models are submitted with their code, bench-

marks could evolve towards continual evaluation [19, 47],
where new data is regularly added, challenging and poten-
tially reducing the performance of existing models.

This study focused primarily on natural images to remain
consistent with typical saliency evaluations. Future work
should incorporate a broader range of datasets, including
low-level stimuli and other out-of-distribution data. Addi-
tionally, the dataset biases considered in this study are lim-
ited, and future models could be extended to account for,
e.g., varying preferences among different subject cohorts
including semantic preferences [12].

An intriguing outcome of our work is that our new
model outperforms estimates of inter-observer consistency
on many datasets (Tab. 1, Tab. 2). Given that our model still
shows some clear failure cases (Fig. 6b), this suggests that
the standard methods to estimate per-image inter-observer
consistency, usually as KDE [32, 69], may no longer be
sufficient. Future efforts should consider new ways to es-
tablish a gold standard, such as combining high-performing
deep neural networks (DNNs) with models of inter-observer
consistency to account for consistent behavior not yet cap-
tured by DNNs and guide future model developments.
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