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Motivation:

Most models of visual attention aim at predicting either top-
down or bottom-up control, as studied using different visual
search and free-viewing tasks. In this paper we propose the
Human Attention Transformer (HAT), a single model that
predicts both forms of attention control.

Contributions:

1.We propose HAT, a novel transformer architecture
integrating visual information at two different eccentricities to

predict the spatial and temporal allocation of human attention.

2.We formulate scanpath prediction as a sequential dense
prediction task without fixation discretization, making HAT
applicable to high-resolution input.

3.The HAT architecture can be broadly applied to different
attention control tasks, evidenced by the SOTA scanpath
predictions in both visual search and free-viewing tasks.
4.HAT’s attention predictions offer high interpretability, making
it useful for studying gaze behavior.
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Figure 1. Given an image, the proposed HAT is able to predict
scanpaths under three settings target-present search for TV; target-
absent scanpath for sink; and free viewing. Importantly, HAT
outperforms previous state-of-the-art scanpath prediction methods
on multiple datasets across three settings: target-present, target-
absent visual search and free viewing, that were studied separately.
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Figure 2. HAT overview. We use encoder-decoder CNNs to extract two sets of feature maps PP, and P of different spatial resolutions.
A working memory with a capacity of X tokens is constructed by combining all feature vectors from PP; with the feature vectors of Py
at previously fixated locations, representing information extracted from the periphery and central fovea. A transformer encoder is used to
dynamically update the working memory at every new fixation. Then, HAT produces NV per-task queries of dimension (' (e.g., clock search
and mouse search), with each learning to aggregates task-specific information from the shared working memory for predicting the fixations
for its own task. Finally, the updated queries are convolved with P to yield the fixation heatmaps after a MLP layer, and projected to the
termination probabilities in parallel. Note, although this figure depicts visual search, the framework also applies for free viewing.

Pixel Encoder:(ResNet,Swin transformer)
Pixel Decoder:(FPN,MSDeformAttn)
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The foveation module constructs a dynamic working memory using
the feature maps P1 and P4 to represent the information a person
acquires from the peripheral and foveal vision, respectively.

Finally, we apply a Transformer encoder to dynamically update the
working memory with the information acquired at a new fixation.
Figure 3 illustrates the construction of the working memory.
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Figure 3. Working memory construction. We construct the
working memory by starting with the visual embeddings (“what™)
fHattened from F; over the spatial axes and selected from P at pre-
vious fixation locations. A scale embedding is introduced to cap-
ture scale information. Spatial embeddings and temporal embed-
dings are further added to the tokens to enhance the “where” and
“when" signals. At every new fixation (marked in red), we simply
add a new foveal token while keeping other tokens unchanged.



The aggregation module is a transformer decoder that selectively aggregates
information from the working memory using a set of learnable, task-specific
queries Q € RN*¢, where N is the number of tasks (e.g., N = 18 for COCO-
Search18 and N =1 for free-viewing datasets).

Different from the standard transformer decoder, we switch the order of cross-
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The fixation prediction module yields the final prediction—a fixation heatmap Y, and a
termination probability : for each task t.

For the termination prediction, a linear layer followed by a sigmoid
activation is applied on top of each updated query qt € Q:

7, = sigmoid(Wql + b),

For the fixation heatmap prediction, a Multi-Layer Perceptron (MLP) with two hidden layers
first transforms gt into a task embedding, which is then convolved with the high resolution
feature map P4 to get the fixation heatmap Y! after a sigmoid layer:

Y; = sigmoid(P; © MLP(g;))
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Training Loss:

L=Ls(Y:,Y) + Loeenlis T),

where Y € [0,1]7*W and 7 € {0, 1} are the ground-truth
fixation heatmap and termination label for task ¢, respec-
tively. We compute ¥ by smoothing the ground-truth fixa-
tion map with a Gaussian kemel with the kemel size being
one degree of visual angle. Lg, denotes the fixation loss and
is computed using pixel-wise focal loss [34, 37]:

where Y;; represents the value of Y at location (¢, j) and
we set @« = 2 and 8 = 4 following [34, 63]. Liem is the
termination loss and is computed by applying a binary cross
entropy (negative log-likelihood) loss, i.e.,

Liem = —w - 7log(7t) — (1 —7)log(l—7), (5)

where w is a weight to balance the loss of positive and neg-

ative training examples since there are many more negative
labels than positive labels for training a termination pre-

diction, especially for target-absent visual search and free-
viewing tasks where scanpath are long. We set w to be
the ratio of the number of negative training instances to the
number of positive ones.



Datasets:
Target_Present: CoCo-Search18(TP)

Target_Absent: CoCo-Search18(TA)
Free_View: CoCo-FreeView, MIT1003, OSIE

Evaluation metrics:

two aspects:

1) how similar the predicted scanpaths are to the human scanpaths;

Sequence Score(SS), Semantic Sequence Score(SemSS)

2) how accurate a model predicts the next fixation given all previous fixations.

conditional saliency metrics: clG, cNSS and cAUC,

which measure how well a predicted fixation probability map of a model predicts the ground-truth

(next) fixation when the model is provided with the fixation history of the scanpath in
consideration, using the widely used saliency metrics, IG, NSS and AUC
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on the target-absent test set of COCO-Searchl8. We highlight the
son on the target-present test set of COCO-Search18. We high- best results in bold.

light the best results in bold.

rithms (rows) using multiple metrics (columns) on the test set of
COCO-FreeView. The best results are highlighted in bold.

HAT learns the entire scanpath distribution from multiple
subjects whereas GazeFormer overfits to the “average person”
and fails to predict scanpaths from different subjects.



Scanpath visualization

Figure 4. Visualization of the ground-truth human scanpaths
and predicted scanpaths of different methods (columns). Three
different settings (rows) including target-present bottle search,
target-absent stop sign search and free viewing are shown from the
top to bottom. The final fixation of each scanpath is highlighted in
red circle. For methods without termination prediction, i.e., IRL,
detector and fixation heuristic, we visualize the first 6 fixations
for visual search and 15 for free viewing. The rightmost column
shows the predicted scanpaths of the heuristic methods (detector
630 for visual search and fixation heuristic for free-viewing)

Ablation

|SemSS SS cIG ¢NSS cAUC

baseline (80x128) | 0.382 0.402 1.686 3.103 0.961

— peripheral tokens | 0.375 0.396 1.600 3.003 0.960
— foveal tokens 0.358 0.385 1.179 2.380 0.948

low-res (20x32) 0.374 0.389 1.534 2.760 0955

Peripheral and foveal tokens

We verify the effectiveness of peripheral tokens and foveal
tokens by ablating them one at a time. It is shown in Tab. 4 that
ablating any one of them incur a performance drop over all
metrics.

Output resolution

a reduced resolution incurs a noticeable performance drop
in HAT, HAT still outperforms prior state-of-the-art FFMs
with the same output resolution and Chen et al. using

a higher output resolution



