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Abstract

High-resolution images offer more information about scenes that can improve
model accuracy. However, the dominant model architecture in computer vision, the
vision transformer (ViT), cannot effectively leverage larger images without finetun-
ing — ViTs poorly extrapolate to more patches at test time, although transformers
offer sequence length flexibility. We attribute this shortcoming to the current patch
position encoding methods, which create a distribution shift when extrapolating.

We propose a drop-in replacement for the position encoding of plain ViTs that
restricts attention heads to fixed fields of view, pointed in different directions, using
2D attention masks. Our novel method, called LookHere, provides translation-
equivariance, ensures attention head diversity, and limits the distribution shift
that attention heads face when extrapolating. We demonstrate that LookHere
improves performance on classification (avg.? 1.6%), against adversarial attack
(avg.T 5.4%), and decreases calibration error (avg.] 1.5%) — on ImageNet without
extrapolation. With extrapolation, LookHere outperforms the current SoTA position
encoding method, 2D-RoPE, by 21.7% on ImageNet when trained at 2242 px and
tested at 10242 px. Additionally, we release a high-resolution test set to improve
the evaluation of high-resolution image classifiers, called ImageNet-HR.

1 Introduction

There is a decades-long trend in computer vision towards higher-resolution imagery, which contains
more detailed scene information. Increasing resolution is a reliable way to improve model accuracy
(L3} (14} 15, 116, (17, (18} [19} 20], but this comes at a cost; training models for hundreds of epochs
on large-scale datasets is expensive, especially at high-resolutions. There are two ways to reduce
this cost and still see accuracy benefits from high-resolutions: @ high-resolution finetuning, which
pretrains models at a lower resolution, like 2242 pX, then finetunes them at a higher resolution, like
3842 px; and @ extrapolating, which deploys models at a higher resolution, without further training.
Of these two options, we should aim for models that can effectively extrapolate, as it presents a
zero-cost solution that does not require finetuning at every target resolution. Finetuning costs aside,
improvements to extrapolation should benefit high-resolution finetuning since models that are better
at extrapolating can adapt to higher resolutions more easily. Although extrapolation is a significant
and exciting challenge, state-of-the-art (S0TA) model architectures extrapolate poorly.

Vision transformers (ViTs [9]]) offer SOTA performance on many computer vision tasks. ViTs
are simple; they split images into non-overlapping patches, linearly project pixels to form patch
embeddings, and process these “tokens” with a stack of architecturally identical transformer layers —
maintaining a constant feature map size throughout. This non-hierarchical design enables learning
patch representations, which are useful for dense prediction tasks [21} 22, 23] and are fundamental
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Figure 1: ViT-B/16 models trained for 150 epochs on ImageNet at 2242 px and tested up to 10242 px.
Model architectures are consistent between runs other than position encoding methods. We perform
an 8-run hyperparameter sweep, per method, to ensure fair comparisons. Our three LookHere variants
improve extrapolation ability, with more narrow fields of view performing best at 10242,

for vision-language models [24] 25| 26]]. The design enables efficient processing of only a subset
of patches, known as token dropping 28]). Lastly, it enables model scaling by increasing the
embedding size and the layer count [[29] [30].

Image-size extrapolation with ViTs can be achieved in three ways: @ increasing the patch size,
which packs more pixels into each patch embedding; @ increasing the “patchification” stride, which
skips-over pixels; and @ increasing the number of patches. Of these three options, we should aim
for models that can effectively ingest more patches — called “sequence length extrapolation” in the
natural language processing (NLP) community [31]] — as a greater number of patches presents models
with more (uncompressed) information that we hope to leverage into higher accuracy. Furthermore,
methods that improve sequence length extrapolation, like our proposed method, can be fused with
methods that adjust patch sizes, like FlexiViT [32]. We strongly believe that patch position encoding
is a primary cause of the poor sequence length extrapolation ability of ViTs — like it is in NLP, where
significant advancements have been made by improving position encoding [33].

Adding learnable or fixed sinusoidal position embeddings to patch embeddings before the first layer is
the most common way ViTs encode positions. Recently, the rotary position embeddings (RoPE [36])
used in SoTA language models [38]) were extended to ViTs, as 2D-RoPE [7]], showing exciting
results. RoPE is a different approach to position encoding that injects positional information in each
self-attention layer by rotating queries and keys with fixed sinusoidal embeddings. But for these
methods to ingest more patches at test time, they must either introduce new position embeddings or
modify existing embeddings — both options create a significant distribution shift. Motivated by these
observations and more, we make the following contributions:

O LookHere — We introduce a novel position encoding method for plain ViTs that restricts attention
heads to fixed fields of view (FOV) and points them in different directions via 2D masks. This design
provides: @ translation-equivariance, @ attention head diversity, ® improved interpretability, and @
limits the distribution shift that attention heads face when extrapolating.

® Controlled Experiments — We perform an apples-to-apples comparison between seven position
encoding methods for plain ViTs alongside our three LookHere variants. We demonstrate that
LookHere: ® improves classification, segmentation, adversarial robustness, and model calibration



when testedt the training resolution signi cantly improves performance when testeelyondthe
training resolution; an@ increases its performance advantage after high-resolution netuning.

©® Extrapolation Insights — We show that extrapolatio® bene ts images with small objects the
most, as they occupy more patches at test tineroduces class-level and dataset-level effects; and
@ creates distribution shifts that can be visualized via attention maps.

© ImageNet-HR — We introduce the rst natively high-resolution ImageNet test $62& px)
aimed to benchmark classi ers on images that were not upsampled to achieve the target image size.

2 Background and Related Work

A ViT splits an image into a grid of non-overlapping patches, attens the grid into a sequence, and
attens the patches into vectors; i.®& X C1 RNy Nx P? C | RNy Nx) (P*C) whereY is

the image-heighiX is the image-widthC is the number of channellly is the grid-heightNy is

the grid-width,P is the patch height and width. A linear layer maps each vector of pixels to a patch
embedding; i.eR”° ¢ | EP*" 2 R, whereD is the embedding dimension also known as the
transformer width. We de né and(iy;ix) as the sequence position and g position of thei™"

patch, respectively, wheié is the total number of patches, equaNg N,,i 2f1;2;:::;Ng,

iy 2f1;2;:::;Nyg, andiy 2 f 1;2;:::;Nyxg. Finally, sequence length extrapolation occurs when
Ntest >N train -

A patch embedding represents ttantentof a patch, and contains no information representing its
original location within the image. Thus, we must encode patch positions to enable spatial reasoning;
otherwise, a ViT will operate on a bag of patches.

We de ne a “plain ViT” as attention-only and non-hierarchical. Our primary goal is to improve the
extrapolation ability — i.e., generalize to more patches at test time — of plain ViTs. Our work is
motivationally aligned with FlexiViT 32] and NaViT [6], improving the exibility of plain ViTs.

Next, we brie y describe seven position encoding methods and refer the reader to the cited studies
for further details; we include theall in our controlled experiments. Another method, iRBH[ is

also compatible with plain ViTs. However, we exclude it because it is more than twice as slow as
other methods; nonetheless, we benchmark iRPE with our best training recipe in Appendix A.2.1.

Input Embeddings. This group leverages learned or xed position embeddi&g$; 2 RP, that

are added to patch embeddings at the transformer inputzii.e.,EP*®" + EP°, wherez is the
input to the rst transformer layer. Position embeddings represent the absolute positions of patches in
an image.

® 1D position embedding®] (1D-learn for short) map to learnable embedding@ 2D sinusoidal
embeddings§] (2D-sincosfor short) individually mag, andi, to xed 1D-sinusoidal embeddings

(EY;EX 2 RDT), then concatenate them along the embedding dimen@odRactorized position
embeddingsf] (Factorized for short) individually map, andiy to learnable embedding&{; E* 2

RP), then add them® Learnable Fourier feature$]] (Fourier for short) mag(iy;ix) to Fourier
features [40, 41], then to embeddings with a multi-layer perceptron (MLP).

Attention Biases. This group leverages learned or xed operations that encode positions by modifying
the pairwise interactions between patches in self-attemtitmoutadding position embeddings to
patch embeddings. Recall that self-attention rst applies three separate linear transformations to
project internal patch representations and splits the resultant vectois issaaller vectors of length
Dy;ie,RV P11 R3 N H Dw __creating queries, keys, and values for each attention head. We
denote a speci ¢ head by. Next, attention score\(2 R" N N) are calculated by measuring
the similarity between all pBirs of queriegi( 2 RP+ ) and keysky; 2 RP+), separately, for each
head; i.e.anj = thi knj= Dn, wherei andj are query and key sequence positions, and we
de ne (iy;ix) and(jy;jx) as their2D positions. Attention scoresi; ) represent thamountof
information moving from patch positignto i — whereas values/§; 2 RP+ ) represent theontent

of the moving information.

©® Learnable relative position encodint] (RPE-learn for short) biases attention scores by mapping

all possible relative positions between queries and keys to learnable embedjingsR" ); i.e.,
biases are afunction ®f jy,ix jx, andh. ® A 2D extension of Attention with Linear Biases



(ALIBI [ 31]), 2D-ALiBi [12] penalizes attention scores as a function of the Euclidean distance
betweer(iy;iyx) and(jy;jx), and a head-speci c scalar, called a slope. Slopes bias attention heads at
different rates@ A 2D extension of rotary position embeddings (RoBH]], 2D-RoPE [7] rotates
gueries and keys as a function of their positions. Each query is rotated by the sinusoidal embedding
of iy for half its dimensions and the sinusoidal embedding,dor the other half of its dimensions;
likewise, keys are rotated as a function pfandj .

Non-plain ViTs. Many hybrid or hierarchical architectures have been invented that often encode
positions differently 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53]. Although these architectures may

be favored in some circumstances, the plain ViT is the most common single architecture due to its
simplicity, exibility, and scalability. We benchmark many non-plain ViTs and large SoTA ViTs on
extrapolation in Appendix A.2.1.

VIT Extrapolation. Some ViTs have been tested at higher resolutions than they were trained
[54, 43,12, 55]. NaViT [6] benchmarked input embedding methods on extrapolation, none see the
gains at higher resolutions that we observe.

3 LookHere

Design Motivation. We introduce2D attention masks that assign each attention head a direction and a
FOV, preventing attention outside the head's FOV. Within a head's FOV, attention scores are penalized
based on relative patch distances. Three ideas motivate this d@s#tention head diversity: heads

often learn redundant algorithms that can be pruned with little accuracy peb@lty7] 58]. Head
redundancy has also been observed in N&® 0, 61], where diversity-encouraging loss functions
have been leveraged to improve generalizat&) 3, 64, 65]. From a mechanistic point of view,

we can think of attention heads as an ensemble of sub-networks that “operate completely in parallel,
and each add their output back into the residual stre&8]’dnd the residual stream is mapped to
logits. Diversity has long been a desirable property of ensemble$8], and constraining attention
heads to focus in different directions ensured@tAttention head consistency: heads often learn
interpretable spatial algorithms, like “attend to the area above the query,” which reliably retrieves
information from the internal representations above the query; however, we believe these types of
spatial algorithms might fail when new or modi ed position embeddings are introduced to eneade
patch positions during extrapolation — misleading the model about the information above the query,
for example. We believe hard-coding both directions and distances (via attention masks and biases)
will reduce the need for models to learn their own spatial algoritt@n$ranslation-equivariance has

long been a desirable property of vision models, contributing to the success of convolutional networks
[69, 70, 71]. ViTs are critiqued for weak inductive biases, leading to poor sample ef ciency when
trained from scratch72, 73, 74]. We believe that LookHere's stronger inductive biases, achieved via
directional masking and distance penalties, can improve ViT sample ef ciency.

Design Specics. Let H be the number of headg, be the number of layers, ard be the
number of patches (plus one for the CLS token). We denote the LookHere matridgsyxbg

Rt H (N+D) (N+1) \We encode positions by s%)tracting the LookHere matrix for a layef,y,
from the learned attention matrid|zy = QK "= Dy, before the softmax that normalizes the
attention matrix prior to multiplying it by valueg§], i.e., A' = softmax (Alzy A kx). We do
not add position embeddings to patch embeddings.

Leti andj be query and key sequence positions, respectively, 2iddroordinateiy;ix) and
(jy;ix). Crucially,j is visible toi if j lies withini's FOV. This attention masking technique is
inspired by thelD causal masks used in autoregressive transformer decoders used idHlL\Wien

j is visible, we bias the attention score based on the Euclidean distance bé@vesno encode

the relative distance between patches. We scale distances via a slope fanctiogn Ny ! R,
m(l;h) = si(1) sn(h) sqthat strengthens or weakens the distance penalty as a function of the head
(sh : Ny ! R)andlayer§ :N_. ! R), scaled by a global slopg 2 R. Finally, the CLS token is
visible to all positions.

m(l;h) Distancéi;j) if j is visible toi

LookHergl; h;i;j ) = 1 otherwise

@)

q
Distancéi;j )=  (iy jy)2+(ix jx)2 2)
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Figure 2: LookHere masks and biases (center) the learned attention matrix (left, where colors are
random). Masked cells atdack, encoding directiond ( with a90° FOV); biased cells are shaded

, encoding relative patch distances. (Right) An example of the FOV of the center query
patch. The nal attention matrix is computed A5 = softmax (Algy A k), at each layer.

For example, Figure 2 displays attention matrices of a head that “looks right” With BOV. We

create three LookHere variants, the rsttwo have FOV4®&# and90° (LH- 180 andLH-90). We

direct attention heads eight different ways, selecting the four cardinal directipgs (;! ) and the

four intercardinal direction®6;& ;. ;- ). ViT-B models have twelve attention heads; we leave
the last four attention heads undirected to allow them unrestricted attention over the full image. We
create a nal variant that cuts the rst four L0 masks in two, creating eiglt°® views that cover

the full image without overlappind-(i- 45). Visualizations of the bias matrices are in Appendix A.3.

Design Ablations.We offer four takeaways through extensive ablations (Appendix Add)ookHere

is robust to the choice of slope function. We set our defgiih linearly decrease from5 to 0:5

with increasing depth (inspired by depth-wise attention distance ndi@@B.[ This helped in
preliminary experiments, but the bene ts disappear in our ablations. We arbitrarily set our default
Sh 10 (3: 3 % 125) for the four undirected heads, but distance penalties on undirected heads can
be removed entirely. We se§ = 1; LookHere is also robust to the choice of the global slope.

We believe precisely tuning slopes is unnecessary because models can learn to scale attention logit
magnitudes® Increasing penalties with the square or square root of the distance harms extrapolation.
® Removing all distance penalties harms extrapolat®©ur main contribution2D directional

masks, are crucial to retain performance, but our method is robusngdirectional con gurations.

Compute. Agx is precomputed and xed, subtracting it element-wise from the learned attention
matricesA gy only costsH (N +1) (N + 1) oating point operations (FLOPS) per layer. For

a ViT-B/16 model, these subtractions account ®d16%of the total FLOPs. LookHere reduces
FLOPs bynotadding position embeddings to patch embeddings, but this amount is also negligible.
Additionally, LookHere matrices offer structured sparsity (ug48 for a45° FOV) that can speedup
attention — although exciting, this speedup requires custom kernels that we leave for future work.

4 Experiments

Deep neural networks — including ViTs — can be sensitive to seemingly minor hyperparameter
changes when trained from scratch. Dosovitskiy et 8. jetuned the original ViT at a higher
resolution, reaching@7:9%top-1 accuracy on ImageNet (we refer to ILSVRCTL20r ImageNetik as
ImageNet). Steiner et al7f] searche®8 hyperparameter con gurations, achieving best and average
runs of80:0% and76:9%, respectively (average calculation omits runs without data augmentation,
as they were poor). Touvron et al7g ablated repeat augmentation9], dropping accuracy

by 4:8%. Touvron et al. 17] replaced cross-entropy loss with binary cross-entropy loss, raising
accuracy byl:3%. Importantly, these are all ViT-B6 models trained from scratch f800epochs on
ImageNet. Informed by these observations and more, we design a controlled experiment: We search
8 hyperparameter con gurations feachposition encoding method using a single codebase; this
offers an apples-to-apples comparison between our three LookHere variants and seven baselines.
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