UPLIFT: Efficient Pixel-Dense Feature Upsampling with Local Attenders

Matthew Walmer'  Saksham Suri?

Abstract

The space of task-agnostic feature upsampling has emerged
as a promising area of research to efficiently create denser
features from pre-trained visual backbones. These methods
act as a shortcut to achieve dense features for a fraction
of the cost by learning to map low-resolution features to
high-resolution versions. While early works in this space
used iterative upsampling approaches, more recent works
have switched to cross-attention-based methods, which risk
falling into the same efficiency scaling problems of the back-
bones they are upsampling. In this work, we demonstrate
that iterative upsampling methods can still compete with
cross-attention-based methods; moreover, they can achieve
state-of-the-art performance with lower inference costs. We
propose UPLIFT, an architecture for Universal Pixel-dense
Lightweight Feature Transforms. We also propose an effi-
cient Local Attender operator to overcome the limitations
of prior iterative feature upsampling methods. This opera-
tor uses an alternative attentional pooling formulation de-
fined fully locally. We show that our Local Attender allows
UPLIFT to maintain stable features throughout upsampling,
enabling state-of-the-art performance with lower inference
costs than existing pixel-dense feature upsamplers. In addi-
tion, we apply UPLIFT to generative downstream tasks and
show that it achieves competitive performance with state-
of-the-art Coupled Flow Matching models for VAE feature
upsampling. Altogether, UPLIFT offers a versatile and effi-
cient approach to creating denser features.

1. Introduction

With the increasing spread of deep learning networks in
various real-world applications, efficiency for visual in-
formation processing continues to be of key importance.
General-purpose, pre-trained visual backbones, such as
DINO [4, 34, 42], can be a driving force for efficiency,
as these models provide a strong starting point for vari-
ous visual applications, and reduce the total training cost
needed to develop systems for new tasks. However, DINO
and other Vision Transformer (ViT) [13] backbones face a
fundamental problem: they must down-sample the spatial
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Figure 1. UPLiFT time-scaling and dense features. We present
UPLIFT, an efficient feature-upsampler that leverages our new
Local Attender to extract semantically-stable, pixel-dense fea-
tures. (Top) UPLiFT’s inference time and memory scales linearly
with the number of visual tokens, while other recent SOTA meth-
ods face quadratic scaling. (Bottom) PCA visualization of low-
resolution DINOV2 features and pixel-dense UPLiFT features.

dimension to make visual tokens, which limits the final fea-
ture map density. For many applications, denser features are
a necessity for effective performance, and while it is possi-
ble to increase the token density of ViTs to yield denser fea-
tures [2], the cost of self-attention operations scale quadrat-
ically with the number of visual tokens in the image. Thus,
we face a fundamental trade-off between the benefits of
denser features and the computational cost they incur.

For this reason, feature super-resolution methods have
recently grown in popularity [10, 15, 18, 43, 51]. These
methods act as task-agnostic add-ons to existing visual fea-
ture extracting backbones to directly transform their coarse,
low-resolution features into high-resolution ones that pre-



serve the original semantics. Such approaches have the po-
tential to combine the bene ts of dense features with the
strength of pre-trained visual backbones, while avoiding the
quadratic scaling cost of self-attention. Early approaches
[15, 43] used multiple steps of iterative 2 feature upsam-
pling to push the coarse backbone features to pixel-scale-
density. More recent approaches have switched to using
cross-attention-based feature pooling to directly upsample
to any desired output size. While these approaches offer
strength and exibility, they risk falling back into the pitfall

of quadratic time scaling.

In this work, we examine the recent advances in task-
agnostic feature super-resolution methods, and propose
a new, efcient upsampler architecture called UPLIFT
(Universal Pixel-dense Lightweight Feature Transforms).
We draw inspiration from LiFT [43], and we demonstrate
that iterative upsampling methods are still a strong com-
petitor with more recent cross-attention-based approachesFigure 2. UPLIFT Tasks. We demonstrate our UPLIFT feature
Not only does our UPLIFT model achieve state-of-the-art upsampler for applications in both predictive and generative tasks.
performance on several dense prediction tasks, it does sd his includes semantic segmentation, monocular depth estimation,
with lower inference costs than comparable recent methodsimage super-resolution, and ef cient text-to-image generation.
To achieve this, we propose a new visual operator based
on the observations of [48], which showed that some ViT  tasks, surpassing prior feature upsamplers while having
attention heads consistently learn to compute offset local faster inference speeds.
attentional operations. As such, we propose a new Local® An extended study of feature upsampling in the realm of
Attender operator, an alternative formulation for attention ~ generative tasks, showing the strength and ef ciency of
which eschews the now standardized Query-Key-Value for- UPLIFT in comparison to a more computationally expen-
mulation and instead de nes all operations based on local Sive Coupled Flow Matching method.
relative positions. We show that this localized attentional
pooling mechanism achieves the same bene ts of consis-2, Related Works
tent feature semantics while avoiding the scaling costs of . )
cross-attention. As shown in Figure 1, our UPLIFT method 2.1. Feature Upsampling for Visual Backbones

maintains roughly linear time scaling with respect to visual Higher-resolution visual features can be bene cial for many
token count, while recent state-of-the-art cross—attention—tasks’ but extracting denser features comes with a larger
based methods display quadratic time and high memory US€computational cost. Feature-upsampling methods are a
Finally, we apply our UPLIFT model to a range of dense shortcut to create denser features from pre-trained, general-
downstream tasks, including both predictive and generativepurpose visual backbones like DINO [4, 34, 42], MoCo
tasks. In addition to pre-trained ViT features, we apply UP- [5, 6, 16], MAE [17], CLIP [37], and SigLip [45, 53]. In
LiFT to upsample the latent features of Variational Autoen- the past, many works have been proposed to design learn-
coders (VAE) [21], enabling applications in image super- able feature adapters which are trained with supervision
resolution and ef cient image generation. We show that from a particular downstream task [29, 31, 49, 55]. More
in this domain, UPLIFT achieves competitive performance recently, there has been an increasing number of methods
with state-of-the-art Coupled Flow-Matching (CFM) mod- proposed to output denser features in a task-agnostic way
els [41], while running with a much lower inference cost. [10, 15, 18, 43, 51]. These methods are typically self-
Overall, our contributions include: supervised, and are usually trained to upsample the features
« UPLIFT, an ef cient latent feature upsampler that can be of a particular pre-trained backbone. Such upsamplers can
applied to create high-quality, pixel-dense features. streamline development for dense tasks, by providing se-
« A Local Attender operator that reformulates attentional mantically rich and dense features directly out of the box.
pooling into an ef cient, locally-de ned operation. We Early works in this area [15, 43] used iterative upsam-
show that our Local Attender enables UPLIFT to main- pling with simple modules to create denser features. FeatUp
taining consistent feature semantics, while avoiding the [15] proposed two feature upsampling methods, the rst us-
higher costs of comparable recent approaches. ing an improved Joint Bilinear Upsampler (JBU) [22] and
 State-of-the-art performance on several dense predictivethe second using per-image Implicit Networks [8]. The rst



method provides high-speed upsampling but lower upsam-wish to study methods which upsample VAE latent features,
pling quality, while the latter provides incredibly sharp and with image-super-resolution being a possible application
high-quality upsampled features, but has a high inferenceof said features. Meanwhile, extensive research has also
cost as it requires training an implicit model for each image. been devoted to adapting pre-trained visual diffusion mod-
LiFT [43] proposed a Lightweight Feature Transforming els to generate images at resolutions larger than their orig-
network with a simple self-supervised learning process to inal training scale [19, 25, 27, 36, 44, 52]. These methods
create 2 upsampled features, with the potential for larger may achieve a similar effect: adapting a pre-trained gener-
upsampling through iterative application of the same mod- ator to create larger images, but they involve modifying the
ule. While this approach is simple and ef cient, it has been generator module/process itself, not the generated latents.
shown that LiFT's iterative upsampling can lead to semantic These approaches also typically come with signi cantly in-
drift and degraded features [10]. In this work, we propose a creased generation costs, which feature upsampling could
new iterative feature upsampler, UPLIFT, which overcomes avoid. Moreover, recent generator architectures like [23]
the limitations of prior similar approaches. are designed to exibly output features at a range of latent

More recent works [10, 18, 51] have shifted to us- code sizes, but they still face the trade-off that visual feature
ing cross-attention-based feature resampling. LoftUp [18] extractors face: larger features come with a larger extrac-
and JAFAR [10] both propose a query-key-value (QKV) tion/generation cost.

cross-attention [47] approach that combines high-resolution 4 this work. we aim to compare with methods that

queries derived from an input image, with low-resolution speci cally learn to upsample VAE latent features. The
keys and values derived from backbone features to performgiate_of.the-art method in said space is Coupled Flow-

exible and direct' upsampling. Moreoyer, this approach Matching (CFM) [41], which uses a powerful Flow-
acts as an effective regularizer, ensuring the output fea‘Matching model [1, 28, 30] conditioned on low-resolution
tures maintain a similar distribution to the input features. \ag features to predict high-resolution VAE features. CFM
AnyUp [51] further adapts the JAFAR architecture [10]into g rained using a learning objective very similar to LiFT
a backbone-agnostic model, with a special adapter layer that g UPLIFT, and it can be applied to upsample VAE latent
allows it to generalize to other feature extractors at infer- .y4es either from encoded real images or from a genera-
ence time. These approgches show strong result_s, but f[heifor like Stable Diffusion [38]. Unlike UPLIFT, CFM per-
use of QKV cross-attention makes them less ef cient, giv- forms ypscaling by rst decoding the latent representation
ing Fhem quadratic time-scaling with respect to the numbgrmto pixel space, applying bilinear upscaling therein, and
of visual tqkens. In contrast, our proposed UPLIFT arch_l— then re-encoding the result into latent space. The CFM
tecture enjoys the same bene ts of stable features, while yoqyle then re nes the high-resolution features; however,
also remaining linear in time with respect to the NUMbET e gyerall effect is still to produce high resolution latents
of image patches. We also recognize that UPLIFT'S US€ from Jow resolution ones. In this work, we show that UP-
of xed-step upsamplers makes it slightly less exible than | et can also learn to effectively upsample VAE features
cross-attention-based methods; however, given that mostyat produce output images with similar visual delity to
approaches simply aim to upsample to pixel-dense featurescem. Moreover, UPLIFT achieves this with a fraction of
we believe this is not a signi cant detriment. the parameters, training data, and inference cost of CFM.

2.2. Feature Upsampling for Generative Tasks

The majority of prior works in task-agnostic feature upsam- 3. UPLIFT Approach

pling have focused on visual feature extractors typically de-

signed for predictive downstream tasks. Meanwhile, rela- In this work, we propose an iteratively-growing feature up-
tively little attention has been given to designing upsam- sampling approach inspired by LiFT [43]. While LiFT
plers for features for generative tasks. For example, theachieved effective 2 feature upsampling, its approach to
feature-spaces of Variational Autoencoders [21] are now iterative upsampling for pixel-dense features could lead to
commonly used in Latent Diffusion models [39] to pro- semantic drift and degraded performance in downstream
vided a compressed space for image generation. Becaustasks. In this work, we present UPLIFT, a new upsam-
VAEs have decoders, upsampled VAE features can easilypler architecture that overcomes these issues to ef ciently
be decoded to enable tasks like image super-resolution angbroduce pixel-dense features while maintaining consistency
ef cient text-to-image generation. We note that both of in the feature distribution. Thanks to our Local Attender,
these tasks are areas of signi cant research in their ownUPLIFT's speed and memory requirements scale linearly
right. For example, many methods exist that train primar- with respect to the number of input visual patches/tokens,
ily end-to-end generative architectures for super-resolutionwhich leads to better speed and scaling properties than re-
[7, 11, 24, 33, 40]. However, for this work, we speci cally cent cross-attention-based methods.



Figure 3. UPLIFT Inference. At inference time, our UPLIFT Encoder {&irt) produces shallow but dense features to guide all sub-
sequent upsampling steps. Iterative application of the UPLIFT Decodgs @) upsamples the low-resolution backbone features to
pixel-density. Our proposed Local Attender module is integrated with the UPLIFT Decoder to maintain iterative feature consistency.

3.1. Architecture Overview based approaches lead to quadratic-scaling costs. More-
over, we hypothesize that full cross attention over all fea-
tures is not necessary, and information about only local
features should be suf cient to upsample the features in a
given image region. We note that the recent work AnyUp

[51] shares this hypothesis, and modi es JAFAR by intro-
h : ) : .
ducing windowed attention. However, as shown by Figure
1, AnyUp's windowed attention still suffers from quadratic
time scaling.

Instead, we propose a new formulation for a lo-
cal attention operator, which achieves the same feature-
regularization bene ts of cross-attention while maintain-
ing ef ciency and linear-time-scaling. We draw inspiration
from [48], which showed that self-attention heads in ViTs
often learn to attend to local positions with a xed direc-
tional offset. Based on this, we propose Local Attender,
which instead operates over a pre-set local neighborhood
de ned by a collection of xed directional offsets. Under
our Local Attender design, all attentional operations are de-
ned relative to the current token's position, removing the
need for positional embeddings. We illustrate our Local At-
tHender operator in Figure 4, and de ne it as follows.

First, we assume two input feature maps, a “Guide Fea-
ure” G and a “Value Feature” V. The Local Attender op-
erator uses G to guide a linear resampling of V to pro-
duce a new feature map output. Speci cally, G is used to
predict an attention map over a local neighborhood around
each token in V. For an initial case, assume G and V have
the same spatial dimensions, H W, but different channel
depths, G and G, . Next, we de ne a xed neighborhood
N, which is a set of 2D directional integer offsets, (i;j).
Preserving semantic consistency in the upsampled feature§or a given visual tokenyy in V, it can only attend to
is key to maintaining the strength of their representations. positions V.iy+ for (i;j) 2 N. In this way, the neigh-
Recent works like [18] and [10] use cross attention from borhood N de nes the range and size of the local attentional
high-resolution queries to low-resolution keys and values operations computed by the Local Attender. Moreover, the
to perform upsampling. This approach implicitly acts as a size and pattern of N can be exibly de ned. We present
strong form of feature regularization, as it enforces a con- experiments with several neighborhood designs in the Sup-
straint that the upsampled features must be a linear combiplemental Material. In general, let jjNjj = n.
nation of the input features. However, these cross-attention- Next, we apply a 1 1 convolutional layer to G to con-

We rst illustrate our UPLIFT architecture in its inference-
time con guration, as shown in Figure 3. UPLIFT has two
primary modules: the UPLIFT encoder, denoted as ke,
and the UPLIFT decoder, denoted asdprr. DupLiet does
the primary work of predicting upsampled features. Bot
are simple convolutional modules, which use strided con-
volution for downsampling or transpose convolution for up-
sampling. Note that we train a single compactdder
that performs 2 upsampling, and that same module is
applied multiple times to achieve pixel-dense upsampling.
Meanwhile, this decoder is also guided by additional high-
resolution features extracted byk jrr from the input im-
age. We follow the same intuition as LiFT: the input image
already is a strong source of high-resolution information to
guide feature upsampling. However, unlike LiFT, which re-
quired re-running its image encoder on every step with bi-
linearly upsampled input images, we instead desigp Fr
such that it only runs once with the base input image. To
do this, we make BpjeT into a shallow but dense encoder
which preserves the original pixel density in its output fea-
tures. These dense encoder features are downsampled wi
nearest-neighbors downsampling to the appropriate size tot
guide each upsampling step withyBLirr. These design
choices make UPLIFT both ef cient and compact. How-
ever, as shown by [10], this process of iterative upsampling
risks introducing semantic drift, which we address in the
following section with our proposed Local Attender.

3.2. Local Attender



Figure 4. Local Attender Operator. We propose a streamlined
and ef cient local attention operator, which gathers features over

a set neighborhood de ned by xed direction offsets. Figure 5. UPLIFT Training. UPLIFT uses a multi-step training

strategy where the feature reconstruction loss is applied at all inter-

vert it to shape H W n. This convolutional layer is the
P y mediate steps. All lift decoders (@3Lirt) share the same weights.

only learnable element of the Local Attender. We then ap-
ply position-wise softmax to this feature, creating the “At-

tender Map” A. For a glven_(x;y) po_smon in A, the value during training. We illustrate our UPLIFT training process
Axyx Trepresents the attentional weight to apply to the fea- i, rio re 5. et B represent the frozen, pre-trained visual

ture at Vi y+  Where (i; i) is the K" offsetin N. In backbone. Let g and Dy denote the UPLIFT Encoder
practlp al terms, we compute a set of offset featWe maps byand Decoder, which are trained jointly in this process. Let
gpplymg Fhe offsets of N to. Value Feature V with replica- H W denote the maximum size an image is loaded at. We
tion padding. We then multiply these maps by t_he Attender oter (o this high-resolution image as I. We also specify a
l\/_lapAz_ind"we sum along the newly created “neighborhood- “training depth” d, which describes the scale of downsam-
dimension” to produce the nal locally-attended fe_atures of pling applied to the images that are input to UPLIFT. For
;hape HW C . LetT equal the number of spatial token 5 given depth d, the ground-truth image will be downsam-
in G. Then the memory and compute cost of the Local At- pled by a factor of 2 to size (H=2') (W=2 %). We denote
tend_er Is;cales asIO(nT),_o_r _I|r|1early n T_ asnis ﬁ constan;[. this low-resolution image as’l Next, we pass both | and

Finally, we relax an initia as_sumptlon to allow Loca I 9through B to extract low-resolution and high-resolution
Attender to act as an upsampling operator. Instead, 8Steatures F = B(1) and F° = B(I 9. Additionally, I°is
sume V has shhape H2W Cv and guide C; hai shap;e passed through & to produce features ¥ which are used
CH_ CWC W 1ere ¢ Z. We rst grqupt e tokens of ¢, guide upsampling. Note that with our dense UPLIFT en-
G into an H W grid of cells, each cell being of shape c c. coder, P2 has the same spatial resolution &swhile F°

For all tokens in a given cell & with (x;y) 2 HW, has lower-resolution with size (H=p) (W=2 ¢
. ' ) - £ =2 %p), where
the neighborhood they can attend to is de ned around thep is the patch size.

corresponding Value token at.y. As such, the size of Next we perform feature upsamoling. To start D
the neighborhoods remains the same, but each token in V, ’ b P ping. y

) ; receives the low resolution feature®fand guiding fea-
now corresponds to a ¢ ¢ cell in G. Once again, the output ture FO which is down-sampled to 2 the scale of
E

features are linear sums of features in V, ensuring featureFo Dy predicts upsampled features with resolution
consistency with respect to V. The output map size is de-(szd 1 p) (W=2 91 p), which are then provided to the
termined by G, with the nal output being cH cW Cy . Local Attender to upsample & The result is B , which

We |nteg.rate our Local Attender o_perator asthe nalstep is two times larger than the original low-resolution features.
of our UPLIFT decoder, with the initial decoder output as This process is repeated d times, until we produé’g =

Ghalrjd thli\orlgl;al backbonﬁ feature as_V. }Nr? SQOV\I/(tt)hatWith size (H=p) (W=p), the same as F. We then com-
'; € ocz(aj_ tFEn _erenigrﬁsltl eprﬁlsDeLr_\I/:aTtlon(; t € Iac ON&ute the reconstruction loss as the L2 distance between the
eature 'St.” ution, whic allows IFT to et ciently cre- upsampled feature and the high-resolution feature:
ate semantically-strong, pixel-dense features. In the follow-
ing section, we show that this leads to state-of-the-art per- Lsimpe=D 12 (F% ;F) (1)
formance with faster inference speeds than recent methods.

. - This simple learning objective explicitly incorporates mul-
3.3. UPLIFT Training tiple applications of ) during training, which helps UP-
We train UPLIFT with a low-to-high-res self-supervised LiFT learn to create pixel-dense features at inference time.
feature prediction objective based on LiFT, though we adaptHowever, this training does not necessarily need to be ap-

our training to explicitly include multiple upsampling steps



Table 1. Segmentation and Depth Estimation. UPLIFT surpassed all prior upsampling methods in semantic segmentation on four
datasets. For depth estimation, it is second best fand tied for best in RMSE. UPLIFT achieves these scores with faster inference
speeds than recent SOTA methods. Best results are marked in bold and second best are underlined

Semantic Segmentation Depth Estimation
Upsampler COCO VOC ADE20K Cityscapes COCO
Method  Params(M) Time (msD mloU" Acc" | mloU" Acc" | mloU" Acc" | mloU" Acc" 1" RMSE#
Nearest - 0.6 56.41  77.11| 78.29 94.37| 37.86 72.17| 54.87 90.56| 56.66 0.73
Bilinear - 2.8 59.41  79.28| 81.62 95.44| 40.43 74.12| 59.71 92.56| 58.83 0.68
LiFT-2 1.2 3.8 58.28 78.97| 82.46 95.73| 39.74 73.79| 61.07 93.09| 57.17 0.70
LiIFT 1.2 51.9 57.42  78.46| 80.97 95.37| 38.95 73.34| 61.98 93.61| 55.07 0.73
FeatUp 0.2 109.6 61.77 80.99| 8352 96.06] 42.07 75.52| 60.50 93.12| 60.01 0.66
LoftUp 4.3 223.5 62.19 81.35| 84.63 96.33| 42.16 75.79| 62.09 93.55]| 58.69 0.68
JAFAR 0.7 111.7 61.71 81.01] 84.38 96.22| 41.96 75.43| 61.89 93.52| 60.59 0.65
AnyUp 0.9 146.7 62.08 81.31| 84.33 96.23| 42.25 75.80| 61.33 93.44| 61.32 0.63
UPLIFT 0.8 79.4 | 6255 81.57| 85.21 96.51| 42.97 76.00| 65.38 94.41| 61.16 0.63

plied with d = log,(p), as shallower depths can be suf- task-agnostic feature-upsampling methods LiFT [43], Fea-
cient to train UPLIFT. In addition, for each B upsam- tup[15], LoftUp[18], JAFAR[10], and AnyUp[51]. We
pling step, an additional intermediate feature map can bealso compare with simple baselines of bilinear and nearest-
extracted to derive an additional loss term. Denote the full neighbor upsampling. To compare with prior works, we

set of upsampled feature maps as: select DINOv2-S/14[34] as our primary standard backbone
o 0 o o o for experiments. For all tasks in this section, we use an
FP=fF; ;F, ;i F Fx 0 ) UPLIFT model trained for one epoch on the ImageNet-1K

=fF fzzdl ;|:10:2dz Con ;|:10:2; Fleg @) dataset [12], with a maximum ground truth image size of

448 and a maximum input image size of 224. We train us-
We also compute intermediate ground truth feature maps bying our multi-step loss (Section 3.3) with 3 depth levels.

downsampling | to intermediate resolutions, with-bx = We build on the experimental protocols of [10] and train
B(l 1-5« ), to give the set of target feature maps: linear probes models on top of the upsampled DINOv2-
S/14 features produced by each method. In addition, fol-

F=1F 1-001 ;Fi=p02 ; i1} F1=2;F1210 3) lowing the example of [51], we make a small correction

to the learning rate schedule of the of cial JAFAR evalu-
Then we can compute the total loss for depth d with all in- ation suite. For this reason, we have recomputed all the
termediate feature maps as: baseline methods to provide a fair comparison. All meth-
ods are run in a pixel-dense upsampling mode. Following
the example of [10], we also run LiFT in a 2 upsampling
mode followed by bilinear upsampling to pixel-dense fea-
tures, which we denote as LiFT-2. All evaluations use
In practice, we nd UPLIFT achieves the best performance 448 448 input images and 448 448 upsampled features.
when multiple depths are used during training. For our pri- For each method, we also report the number of parameters
mary results, we use d 2 D := f1;2; 3g for each training and the average upsampling time for a single image's fea-
step. We present ablations with additional con gurations in ture as measured on one NVIDIA A5000 GPU. Please see
Appendix C. Overall, our nal UPLIFT learning objective the Appendix A for additional detalils.
can be denoted as:

xd
Lg= Di2(F 2 a0 ;Fiopax ) 4)
k=1

X Segmentation. We present semantic segmentation results

L UpLiFT = Lg (5) in Table 1 for four datasets: COCO-Stuff[26], Pascal

42D VOC [14], ADE20k[54], and Cityscapes[9]. First, our re-

sults con rm the observations of [10], that iteratively run-
ning LiFT to produce pixel-dense features leads to degraded

4. UPLIFT for Predictive Tasks performance in this task. We nd that a single LiFT upsam-

pling iteration (LiFT-2 ) yields better performance than it-

Experimental Methods. We start with experiments fo- erative upsampling to pixel-dense features. Next, we see
cused on dense predictive tasks: semantic segmentatiothat UPLIFT achieves state-of-the-art performance, with the
and monocular depth estimation. We compare with other highest mloU and Accuracy scores for all four datasets,



Figure 6. 2048 2048 Image Generation Comparison with CFM. We show that UPLIFT achieves comparable visual upsampling quality
to CFM [15], while using only 1=8 the network parameters, 1=20¢he training data, and only 2 iterative upsampling steps.

Table 2. Zero-shot COCO-5k 512!1024. UPLIFT Table 3. Zero-shot reLAION-400M-5k 512!1024. UPLIFT demon-
achieves superior FID to CFM for COCO text-to-image up- strates strong upsampling for text-to-image, surpassing CFM in all three
sampling, while running with signi cantly faster inference metrics, with faster inference. CFM is run with 4 or 40 stepss CFM
speeds. Like [41], we measure speed for this task with batctioes not report diffusion steps, we include two options for comparison.
size 4. CFM is run with 20 step¥Row adapted from [41] Speed measured with batch size 1 as in [*Rjows adapted from [41].

Diffusion Model Upsampler Performance Diffusion Model Upsampler Performance
) - Model Steps Method Params (M) Resolution s/img# CLIP" FID# p-FID#

Model Steps Method Params (M) Resolution s/img# FID # SDLS 25 . . 512 127 3167 2232 -
SD15 25 _ _ 512 396 2483 SDL5 40 - - 512 1.96 31.87 21.90

SD1.5 *  CFM-4 306 51211024 272 26.16 21.61 _15.83
SD1.5 25 CFM-20 306 51211024 8.79 28.81 SD1.5 *  CFM-40 306 51211024 3.16 26.14 21.67 1596

P SD1.5 25 UPLIFT 53 51211024 156 31.00 21.17 16.10
| 94U &L.L1

Sb15 25 UPLIFT 53 51211024 515 2423 SD1.5 40  UPLIFT 53 51211024 2.27 31.17 20.73 15.49
SDXL 50 - - 1024 39.84 24.07 LCMSDXL 4 - - 1024 0.72 31.06 28.05 24.13

even surpassing recent methods that use cross-attention feaesults demonstrate that our UPLIFT features, which are
ture pooling. This result demonstrates that our Local At- upsampled using only local information through our Local
tender approach is an effective method for feature pooling Attender, can still derive suf cient global information from
and upsampling. Finally, we see that UPLIFT has faster in- the backbone features to achieve competitive performance
ference speed than all high-performing pixel-dense upsam-in depth estimation.

plers. While other baselines like Nearest, Bilinear, LiFT-
2, and LiFT achieve faster speeds, they also have inferior
performance, meaning UPLIFT provides an optimal combi-
nation of speed and feature quality.

Ef ciency and Scaling of UPLIFT. As shown by Table 1,
UPLIFT achieves faster inference speeds than recent state-
of-the-art methods using cross-attention pooling. Note that
those speeds are measured for an image size of 448 448
Depth Estimation. We next apply UPLIFT to monocular with a patch size of 14, which yields 1024 visual tokens.
depth estimation on COCO-Stuff. Like [10], we report the As recent methods have moved to using cross-attention for
1 score, which is a thresholded accuracy score, and thefeature scaling, they now face quadratic time and memory
Root Mean Square Error (RMSE). Predicting visual depth scaling with the number of input tokens. Meanwhile, our
from monocular cues requires a broader understanding ofUPLIFT method maintains linear scaling, leading to even
the entire image. In theory, the cross-attention-based methfaster performance for larger image sizes. This is essential,
ods, LoftUp, JAFAR, and AnyUp, should have an advantage as producing high-resolution image features can easily be-
in this task, as their feature pooling approach can gathercome a memory-intensive process. To demonstrate this, we
broader information from wider image regions. However, test UPLIFT, LoftUp, JAFAR, and AnyUp for gradually in-
we nd that UPLIFT ties with AnyUp for the lowest RMSE  creasing image sizes, until they hit a memory limit of 24 GB
score, and is second only to AnyUp for score. These on an A5000 GPU. We assume a patch size of 16 and run



Table 4. Zero-shot Image Super Resolution 256!1024 on 5k samples of FacesHQ and LHQ. UPLIFT achieves superior scores in
SSIM and PNSR for LHQ, and better SSIM for FacesHQ. We note that UPLIFT achieves these results with a single general-purpose
module, while CFM uses dataset-speci ¢ trained modules with signi cantly more parameters and itefRiowsadapted from [41]

Upsampler FacesHQ LHQ
Method Iters\ Params (M) SSIM" PSNR" FID# p-FID #f Params (M) SSIM" PSNR" FID# p-FID#
Bilinear 1 - 0.72 21.74 108.12 176.9 - 0.63 22.09 147.65 224.70
Nearest 1 - 0.66 20.48 193.08 332.2 - 0.60 21.08 24155 288.66
CFWY 50 113 0.82 30.40 1.36 1.62 306 0.69 25.69 2.27 2.38
UPLIFT 2 53 0.84 29.93 5.20 6.62 53 0.73 2670 529 7.23

all methods in a pixel-dense upsampling con guration. We Ef cient High-Resolution Image Generation. On COCO
report the average inference speed against the number of vi{Tab. 2), UPLIFT achieves a lower FID than CFM in a single
sual tokens in Figure 1. We nd that all baseline methods step while reducing latency by 41%. UPLIFT is also close
run out of memory at roughly 1500 visual tokens, which to matching the FID of SDXL, which natively generatives
corresponds to an image size of 624 624. At this image 1024 images at much slower speed. On reLAION (Tab. 3),
size, UPLIFT has inference speeds 2:5-5 faster than the UPLIFT achieves strong performance and faster speeds than
baseline methods. UPLIFT can upsample images with up toCFM, with our 40-step con guration producing the highest

2601 visual tokens without hitting our memory limit. CLIP, best FID and patch-FID, while maintaining signi -
] ) cantly lower latency. These results demonstrate UPLIFT as
5. UPLIFT for Generative Tasks a strong choice for ef cient generative feature upscaling.

Image Super-Resolution. We evaluate UPLIFT for 4 im-
age super-resolution via latent-space-upsampling, compar-
ing against two lightweight baselines: bilinear and nearest
neighbors. Note that the baseline CFM models for this task
are trained speci cally for the datasets tested, while UP-
LiFT uses the same general-purpose model from the previ-
ous section. Despite this, UPLIFT achieves competitive vi-
sual quality using just two iterative steps, with an inference

Experimental Methods. In this section, we extend UP-

LIFT to generative tasks by applying it to VAE latent

features, enabling ef cient image generation and super-
resolution. To preserve the feature distribution for genera-
tive tasks, we nd that a larger UPLIFT model is a necessity,
but our larger model still only has one half or one sixth the
parameters of the comparable CFM models. We train UP-

LIFT for 5 epochs on Unsplash-Lite [46], which contains time of only 271 milliseconds per image. Remarkably, UP-
25k high-quality images. For comparison, CFM's general- LiFT is just 13% slower than bilinear upsampling in latent

purpose model is trained on the Unsplash dataset with over : . . .
5 Million images. Using a maximum ground-truth image space, yet delivers an order-of-magnitude improvement in

size of 1024, we train across 4 depth levels using the multi- super-resolution quality. These results highlight UPLIFT's

step iterative loss introduced in Section 3.3. Both methodsef ciency and generalization capabilities.
use the Stz_able Diffusion _1.5 [38] VAE to perform encoding 6. Conclusion
and decoding between pixel and latent space.

We follow the protocols of [41] across two genera- In this work, we have presented UPLIFT, an efcient
tive tasks: text-to-image diffusion upscaling and image feature-upsampling method to create high-resolution fea-
super-resolution. We rst use 5k random samples from ture maps from low-resolution features of pre-trained vi-
COCO 2014 and reLAION-400M to evaluate UPLiFT's sual backbones. We show that UPLIFT produces high-
ability to upscale diffusion features. This task effec- performing pixel-dense features, and it does so with lower
tively increases Stable Diffusion 1.5's output size from inference costs than existing comparable methods. UP-
512 512to0 1024 1024. We compare with CFM, aswellas  LiFT achieves this through an iterative, convolutional up-
SDXL and LCM-LoRA SDXL, which natively generate at sampling architecture, without need for expensive cross-
1024 1024, to provide an additional point of reference for attention. Instead, we propose an ef cient Local Attender
visual quality from high-resolution latents. We also evalu- operator, which succeeds in maintaining semantic consis-
ate UPLIFT for image super-resolution on the FacesHQ andtency of features for minimal extra computational cost. Fi-
LHQ datasets, again following the protocols of [41]. Ad- nally, we show that UPLIFT achieves state-of-the-art per-
ditionally, we compare against two lightweight baselines: formance in a range of tasks, including both predictive and
direct bilinear and nearest neighbors upsampling in latentgenerative domains. Our code and UPLIFT models will be
space. Reported latency is measured on a single NVIDIAreleased at time of publication. We hope that UPLIFT will
A100 GPU. Please see Appendix B for addition details on help to improve the ef ciency and practicality of deep mod-
the model, training, and tasks. els for dense visual tasks.
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A. Additional Details for Predictive Tasks JAFAR [10]: JAFAR also uses a cross-attention-based ap-
proach to perform direct 14 feature upsampling. We build

In this Work_, we focus on comparing_ UPLIFT with qther on the evaluation protocols of JAFAR for segmentation and
task-agnostic feature upsamplers, which have grown in pOp'depth estimation, and we compare with the of cial JAFAR
ularity in recent years. Such methods take existing Pre-¢or DINOV2-S/14 model from [10]

trained feature extractors, and provide an upsampler add-on

to provide dense, powerful features directly out of the box. AnyUp [51]: AnyUp proposes a modi ed version of the
We compare with the following methods: JAFAR architecture which is designed with an additional
“feature-agnostic layer” that enables the model to gener-
alize to different backbones at inference time. Note that
AnyUp is still initially trained with features from a partic-

FeatUp [15]: We compare with the JBU FeatUp variant,
which is an iterative upsampler that performs 16 upsam-

pling with a Sta.le of fpur T“.Od‘ eq Joint Bilinear Upsam- ular backbone for upsampling training. Moreover, the re-
plers [22]. While the implicit variant of FeatUp produces s of [51] show that performing inference with a different
impressive results, it has been shown by works like [18] that backbone than was used in training leads to poorer down-

th's_ approgﬁh;s top SIOIW th be practlcaijfor Iarge—scalle eval'stream performance than using the same backbone for both
uations, with functional inference speeds over 500 slower training and evaluation, suggesting that training model-

than comparable methods. We use the of cial FeatUp JBU g0 ¢ ynsamplers is still preferable for performance. For

model distributed by [15] trained for DINOv2-S/14 without this study, we compare with the of cial AnyUp model dis-
backbone normalization. tributed by [51].

LiFT [43]: LiFT is also an iterative upsampling method, Upsampling Rates. For our main evaluation, we use
which in its base form performs 2 upsampling. The same  pNOy2-S/14 as the standard backbone, and run all meth-
LIFT model can also be applied iteratively four times to per- 45 in a con guration to produce pixel-dense features,
form 16 upsampling. However, [10] has shown that this | i requires 14 upsampling. For methods that per-
iterative upsampling can lead to semantic drift and degraded;, ., 16 upsampling, which includes our UPLIFT, we fol-

features. For _thls_reason, we follqw the e_xample of [10] |ow the example of [10] and simply over-upsample the fea-
and present LiFT in two con gurations: “LIFT” runs the a5 and then downsample to pixel-resolution. We note
model four times for 16 upsampling and "LIFT-27runs 5+ this puts UPLIFT at a computational ef ciency disad-
the model only once, then follows this with bilinear upsam- |2 ytaqe compared to cross-attention-based methods, but de-
pling to pixel scale. As there is not an of cial LIFT model  gpite this, we still achieve faster inference than the cross-
for DINOv2-S/14, we train one for this work. attention baselines. Moreover, we note that more recent

LoftUp [18] LoftUp uses cross-attention to direct|y up- Self'superVised baCkbones, like DINOvV3 [42], have moved
sample low-resolution backbone features to pixel-scale fea-Pack to using patch size 16, which makes 16 upsampling
tures, with a 14 upsampling step. We compare with the the likely desired option for future research.

of cial LoftUp for DINOv2-S/14 model distributed by [18]. o . )

We note that this LoftUp model was originally trained with B. Additional Details for Generative Tasks

the DINOv2-S/14 backpone distributed by [34], Whi!e c_>ther B.1. UPLIFT for VAE Features

recent methods (ours included) use the version distributed

by Hugging Faceé While these DINOv2 models are funda- We describe additional details of our UPLIFT model de-
mentally the same model trained on the LVD-142M dataset signed for VAE feature upsampling and generative tasks.
and shpgld produce similar resu]ts, we choose .to conduct p|iET size for VAE. We empirically nd that small pa-

an additional test to determine if this has any impact on \ameter count upsampling models, like those demonstrated
the performance of LoftUp. We perform evaluation twice 1, o effective for predictive downstream tasks, are insuf-
with LoftUp, once with each version of DINOV2-S/14, and  gjent for generative downstream tasks. We illustrate this

report the_results ir_' Tak?'e 5. We nd that LoftUp'_s PE™ in Figure 7, where we present a comparison with a small
formance is nearly identical for both backbones, with only UPLIFT model, which has roughly 2:8M parameters and is
minor variations seen in the mloU scores for VOC and yaineq using the same training protocols as our main model.

Cityscapes. For this reason, we conclude that these miy, s comparison, we see that the resulting model produces
nor variations in backbone distributions are not a signi - blurry, low quality upsampling, and is not able to capture

cant confounding factor in our_res_ults,_a_nd we thus Choosehigh-frequency information. We theorize that the neces-
to presen'; results for qutUp with its original backbone for sary model capacity to train an effective feature upsampler
sake of fair representation. for generative tasks is intrinsically larger than the necessary
Ihttps://huggingface.co/timm/vit_small_patchl14_ size for predictive tasks. We base this theory on the intuition
dinov2.lvd142m that predictive tasks are about narrowing information down
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Table 5. Evaluating the impact of minor backbone variations. We present a comparison of baseline LoftUp [18] running either

with its original DINOv2-S/14 backbone from [34], or with an alternate distribution of DINOv2-S/14 provided by Hugging Face, which is
commonly used in other upsampling works. Note that both models are theoretically the same model and only represent different distribution
platforms. We nd that there is minimal variation in the resulting performance, with the largest changes being in VOC mloU and Cityscapes
mloU. Our UPLIFT surpasses LoftUp's performance for either backbone. We report results for LoftUp with its original backbone in the
main work to provide a fair representation of the method.

Semantic Segmentation Depth Estimation
Upsampler COCO VOC ADE20K Cityscapes COoCOo
Method Params (M) Time(ms)mloU" Acc"” | mloU" Acc" | mloU" Acc” | mloU" Acc" | 1" RMSE#
LoftUp + Orig Backbone 4.3 2235 | 62.19 81.35| 84.63 96.33| 42.16 75.79| 62.09 93.55| 58.69 0.68
LoftUp + HF Backbone 4.3 2235 | 62.20 81.35| 84.52 96.30| 42.16 75.77| 62.17 93.56| 58.70 0.68
UPLIFT 0.8 794 | 6255 8157 8521 96.51| 4297 76.00| 6538 94.41| 61.16  0.63

into a compressed understanding, which can be representetb decode high-resolution images. Our UPLIFT training is
more compactly with a smaller network, while generative effective at minimizing the L2 distance of upsampled fea-
tasks require a high level of detail over a diverse range oftures in latent space, however, we nd that small pertur-
visual textures and patterns to achieve high quality. For bations in latent space can lead to slight color shifts after
this reason, we train a larger UPLIFT model for generative decoding. While this could likely be addressed through the
tasks, increasing the number of layers in both the encoderuse of pixel-space loss terms, this would greatly increase
and decoder module and increasing the channels per layettraining costs. Instead, we introduce a simple color cor-
This larger size UPLIFT has 53:5M parameters, which still rection module after the VAE Decoder at inference time.
makes it signi cantly smaller than the compared CFM [41] This module computes the per-color-channel means for the
models, which have 113M or 306M parameters. low-resolution input image and the high-resolution output
image, and subtracts the difference vector from the output
image to re-align the color mean. We nd that this simple
module is suf cient to remove any minor color shifts.

Re ner Block. We nd that it is bene cial to introduce an
additional “Re ner Block” after the Local Attender mod-
ule, which is designed to realign the output features with
the distribution expected by the VAE decoder. We demon- Layer Normalization. Finally, for our larger VAE UP-
strate the importance of the re ner block by ablating it in LiIFT model, we nd it is bene cial to replace the Batch
Figure 7 (Right). Without the re ner block, the upsampled Norm [20] layers with Layer Norm [3] instead, as it pro-
images have signi cant blocky artifacts, which are likely vides better numerical stability for the deeper architecture.
the result of the strict, linear-combination feature upsam- When using Batch Norm, we sometimes observe color blob
pling approach. We note that our Local Attender module, artifacts in the upsampled images, which are a consequence
and the cross-attention modules used by recent works, acPf numerical instability in the model. After replacing the
as a form of strong feature regularization, which ensuresBatch Norm operations with Layer Norm, these artifacts no
that the features output by the upsampler maintain a similarlonger occur.

distribution to the original input.dis.tribution, which, inthe- g 5 Experimental Methods for Generative Tasks

ory should also match the distribution expected by the VAE

decoder. However, through testing, we nd that this de- We summarize additional key details of our experimental

sigh may be too restrictive for a generative context. For this Protocols for generative tasks.

reason, we introduce a post-attender “Re ner Block” which Diffusion Upsampling. We evaluate UPLIFT's ability to
gives UPLIFT an opportunity to improve the nal features. ypscale diffusion features on COCO 2014 and reLAION-

- . 400M following the protocols of [41]. On COCO, we ran-
Noise Layers and Augmentation. We follow the example o :
Y g P domly sample 5k caption-image pairs. On reLAION, we

of [41] and concatenate additional gaussian random noise ) ) - .
channel inputs at several points in the UPLIFT Encoder randomly sample Sk images with a minimum resolution of

module when upsampling VAE features. These additional 1024 1024. While [41] used the now deprecated LAION

noise channels are provided to help seed the generation o atasgt, our sample is suf ciently similar, and our computed
high resolution details. We also apply gaussian noise aug-, ID with LCM-LORA SDXL matches that of CFM. During

mentation to the input latent representation, following [41]. }gfre;ear(]:%e,s\griglee réle[:aa;[p?tilsaen;igliﬂesr:a(?éic?(;zutsr:grrhlt.g [3331_

Color Correction. When training UPLIFT for VAE, allour ~ erate 5k 512 512 images. We apply UPLIFT to produce
loss terms are computed in the latent feature space, whichHL024 1024 images. Note that UPLIFT leverages the image
improves the ef ciency of training by removing the need created from the decoded low-resolution latents to guide
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Figure 7. Visual ablation of design choices for VAE UPLIFT. (Left) UPLIFT achieves high quality 512!1024 upsampling with a
larger parameter count model. (Middle) A smaller-scale UPLIFT has insuf cient capacity to upsample all high-frequency information and
produces blurry results. (Right) Ablation of the Re ner Block leads to blocky artifacts in upsampled images.

feature upsampling, similar to CFM, which must decode full sized image. To do so, we rst use Stable Diffusion
the image as part of the Pixel-Space Upsampling (PSU)1.5's VAE to encode the image into latent space. Then we
method. However, UPLIFT does not require re-encoding apply the UPLIFT module with 2 iterations, resulting in a
a bilinearly upsampled image like CFM does, which gives 4 latent, which is decoded using the same VAE's decoder
an additional ef ciency gain to UPLIFT. back into pixel space. Performance is measured using the

The default precision of float32 is used for all diffu- evaluation scripts of [41], which track SSIM[50], PSNR,
sion processes, and each model utilizes its default schedFID, and patch-FID.
uler with the specied number of steps. We also com-
pare with SDXL [35] and LCM-LoRA SDXL [32], which
natively generate at 1024 1024, to provide an additional
point of reference for visual quality from high-resolution la-
tents. SDXL can be viewed as an “upper-bound' oracle for
native megapixel generation, while LCM-LoRA SDXL pro- :

the torch.compile module, and measurements are con-

vides a point of reference of a low-latency distilled model at : .
. . . ucted with 3 warm-up batches. The nal latency is aver-
megapixel native generation. Please note that SD 1.5 canno&j

; . . . aged across 10 subsequent batches.
natively generate latents for images at resolutions different
from 512 512 without signi cant quality degradation or . . . .
alterations. [41] includes experiments upscaling 256 256 C. Ablations of UPLIFT Design Choices
to 1024 1024 by specially ne-tuning a Stable Diffusion C.1. Training Depth
1.5 model at a lower resolution. For our tests, we choose
to prioritize experiments using only the of cial Stable Dif-
fusion 1.5 model generating latents for 512 512 images.
Utilizing the of cial code of [41], we compute FID and
patch-FID, which splits the image into four random patches
sized 512 512. For CLIP score, we use the Python package
clip _score with clip-vit-base-patch32.

Latency Timing. To ensure fair comparison with [41],
we measure latency on a single NVIDIA A100-SXM4-
80GB across both experiments. We use a batch size of
1 for experiments on reLAION, and 4 for experiments on
COCO to be consistent with [41]. All experiments utilize

As discussed in Section 3.3, we train UPLIFT with a multi-
depth, multi-step feature reconstruction training objective,
where the level of downsampling and the number of up-
sampling steps depends on the training depth, d. Here we
present an ablation over d, where we train our UPLIFT
model with different training depth con gurations, includ-
ing individual depths, or multiple concurrent depths. We
Super-Resolution.  Following CFM [41], we perform use semantic segmentation on COCO and VOC with pixel-
super-resolution evaluations on two datasets: FacesHQdense features as our evaluation tasks for this ablation. The
and LHQ. We randomly sample 5k images from the LHQ results are summarized in Table 6.

dataset and the joint combination of CelebA-HQ and FFHQ  When training with only one depth level (rows 1 4),
datasets, called FacesHQ. For each image, we perform detter performance is achieved with shallower depths. VOC
1024 1024 center crop, followed by a bilinear downsam- has the best performance with d=1, and COCO has slightly
ple to 256 256. Finally, we apply UPLIFT to recover the better performance with d=2. We believe this occurs be-
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Figure 8. Local Attender neighborhood designs. We visualize the neighborhood designs tested with our
Local Attender module. The center token (orange) is always included in the neighborhood, and the blue tokens
represent the offset relative local positions that are included in feature pooling through local attention.

Table 6. Ablation of training depth con gurations. We test Table 7. Ablation of Local Attender neighborhood sizes. We
COCO and VOC segmentation for different training depth levels, compare UPLIFT performance with Local Attender modules with

including individual and concurrent depth con gurations. different neighborhood patterns, or without the Local Attender.
COCO VOC coco VOC

Depth | mloUu"  Acc” | mloU"  Acc” Neighbors | mloU"  Acc" | mloU"  Acc”

d=1 6226 8L34| 803 9642 No | 4752 73.06 | 64.86 91.37

d=2 62.34 81.43 | 84.89 96.40

d=3 62.24 81.34 | 84.67 96.33 n=>5 62.15 81.30 84.80 84.80

d=4 60.82 80.30 | 81.42 95.42 n=9 62.33 81.42 84.99 96.44

d2f1;2g 62.46 8150 | 85.04  96.44 n=13 62.51 8153 | 8510 96.47

d2f1;2;3g 62.55 8157 | 85.21 96.51 n=17 62.55 81.57 85.21 96.51

d2f1;2;3;49g 62.36 81.45| 84.97 96.42 n=25 62.46 81.50 85.22 96.48

cause shallower depths give the UPLIFT Encoder a largeneighborhood sizes and shapes. We limit the neighborhood
input image, which allows it to learn more about high- sjze to a maximum of a 55. We present an illustration of
frequency image information. For d=3, we see a slight drop the neighborhood sizes and shapes tested in Figure 8. In
in performance and for d=4 we see a major drop in perfor- addition, we present results for an UPLIFT model with the
mance. Under d=4, the 448 448 image is downsampled to | ocal Attender module ablated. All models are trained for
24 24 which yields only a 2 2 token grid. It seems this  one epoch on ImageNet-1k, with 448 448 max image size,
level of downsampling is too severe for effective learning.  |ike the main work. Results are summarized in Table 7.

Next, we nd that training with multiple depths concur- First, from row 1, we see that the removal of the Local
rently can enhance performance. As shown by row 5, train- attender module signi cantly harms performance, which
ing with d 2 f1;2g concurrently leads to superior perfor- jngicates that our Local Attender is essential for maintain-
mance on both COCO and VOC. This effect is further en- ing effective feature upsampling through multiple steps.
hanced by adding in d=3. However, the addition of d=4  Next, in row 2, we test n=5 with what we consider to be the
becomes detrimental for multi-depth training, which again gmallest viable neighborhood, which consists of only the
indicates that downsampling the input too severely hinderscyrrent token and its immediately touching neighbors. Al-
learning. From this, we nd that training with a multi-depth  ready for n=5 we see strong performance in both datasets,
con guration with d 2 f1;2;3g yeilds the best results, S0 though this performance continues to improve as we expand
we use this training con guration in our predictive task ex- the neighborhood to 9, 13, and 17 neighbors. The n=25
periments. Note that for our VAE UPLIFT model, we train  ¢gn guration, which compared to n=17 adds on several ad-
with a maximum resolution of 1024 1024 in following  gjtional neighbors along the second layer of offsets, only
[41]. For this larger image size, we ndthatd 2f1;2;3;49 |eads to roughly equal performance in VOC and slightly
works to good effect. lower performance in COCO. This result indicates that the

. addition of further neighbors may not be bene cial if they

C.2. Local Attender Neighborhood are added in intermediate places between existing neigh-
We propose a new Local Attender module, which uses bors. Overall, our best performance is achieved with the
a relatively-de ned, variably-sized local neighborhood to star-shaped n=17 neighborhood design, so we use this as
perform local attention pooling in linear time. In this our Local Attender neighborhood for all our experiments in
section, we present additional experiments with different the main work.
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Table 8. Semantic Segmentation with DINOv3 and UPLIFT. We measure segmentation performance on COCO and VOC for DINOv2-
S/14 vs. DINOv3-S+/16. We compare against JAFAR and AnyUp, which either report results with this DINOv3 backbone or have provided
an of cial model for it [10]. We nd UPLIFT gives the best performance for all metrics, datasets, and backb&wgadapted from [51].

DINOv2-S/14 DINOv3-S+/16
Upsampler COocCO VOC COCO VOC

Method Params (M) | mioU " Acc” | mioU" Acc” | mioU” Acc” | mioU” Acc"
JAFAR 0.7 61.71 81.01 84.38 96.22 62.47 81.50 83.05 95.99
AnyUpY 0.9 62.16 81.37 84.00 96.19 62.99 81.84 - -
UPLIFT 0.8 62.55 81.57 | 8521 96.51 | 63.74 82.27 | 84.72 96.55
D. Additional Results and Visualizations 2500 tokens. We note that at the lower range of image sizes,

FT f UPLIFT uses slightly more memory than the baseline meth-
D.1. UPLIFT for DINOv3 ods, but by 1000 tokens, UPLIFT's linear scaling makes it

In our primary results in Section 4, we follow the exam- more ef cient. Moreover, the improved ef cience of UP-
ple of recent feature upsampling works and use DINOv2- LiFT is even more apparent when tested on an A6000. With
S/14[34] as our primary backbone for assessing UPLIFT twice the GPU memory, UPLIFT can process twice as many
and comparing it with baseline works. However, as of writ- Visual tokens on an A6000, while the other methods rapidly
ing, DINOv3[42] has recently been published, and we ex- Il the extra memory. The improved speed of UPLIFT for
pect future work in feature upsampling will likely shift to larger images is also apparent on the A6000, with it being
focus on this family of backbones. For this reason, we 24 faster than the baseline methods at 2000 tokens.
present additional results for Semantic Segmentation using
DINOv3-S+/16. We compare with JAFAR [10], which has
released an of cial model for this backbone on their repos-
itory, and with AnyUp [51], which has published results for
DINOv3 on COCO in their work. While we would addition- o o )
ally like to compare with LoftUp [18], no of cial DINOv3 A crlt_lcal issue Wlth L|_FT [43] is the occurrence of seman-
LoftUp upsampler has been published as of writing, nor tic Qr|ﬂ through Ilteratlve feature.ups_am-plmg. We present
has of cial training code been made publicly available. We @ Visual comparison of semantic drift in LiFT compared
present results for COCO and VOC in Table 8, alongside With the semantic stability achieved by UPLIFT. Follow-
results for DINOv2-S/14 for comparison. We see that the "9 [15], we visualize the features of both methods using

DINOV3 features lead to stronger performance in COCO, Principle Component Analysis (PCA) with 3 components.
with improved results for DINOv3 with UPLIFT. However We extract the backbone features and all intermediate fea-

DINOV3 does not necessarily yield stronger performance {Ure upsampling steps from both methods, and then perform
in VOC, as is seen for both UPLIFT and JAFAR. How- @ Joint-PCA over the full collection. This means that con-
ever. for both the DINOv2 and DINOv3 backbones. UP- Sistent colors from one image to the next means consistent
LIFT achieves the best semantic segmentation performancd€atures too. We visualize the results in Figure 10.

for both metrics and datasets. Examining the PCA images for LiFT (row 1), we see that
iterative upsampling leads to increasing degradation of the
latents. The features become faded, murkier, and distorted
In Section 4, we assessed the ef ciency of UPLIFT in com- through each step. Local image regions with consistent se-
parison to recent state-of-the-art cross-attention-based feamantic content, like the dog's ear and nose region (row 3),
ture upsamplers [10, 18, 51]. We present additional ef - do not maintain consistent and similar features. In compar-
ciency results here. Along with reporting inference time, ison, UPLIFT (row 2) maintains consistent features through
we also report the inference GPU memory usage, and weeach upsampling step, without signs of internal distortions.
also present these results for two different GPU types: anln addition, the edges of objects are more distinctly de ned
NVIDIA A5000 with 24 GB of memory, and an NVIDIA  than LiFT, and they match well to the original image, which
A6000 with 48 GB of memory. We plot these results in enables better performance in tasks like semantic segmenta-
Figure 9. First, we see that the cross-attention-based methtion. Overall, these results demonstrate that our UPLIFT ap-
ods clearly show quadratic scaling in their memory usage. proach, through the use of Local Attender, is able to main-
All three methods reach the A5000's 24 GB memory limit tain consistent feature semantics through iterative upsam-
at around 1500 visual tokens, while UPLIFT can reach over pling steps to produce high-quality, pixel-dense features.

D.3. Semantic Stability with UPLIFT

D.2. Additional Ef ciency Comparisons
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Figure 9. Speed and Memory Usage Comparison. We compare UPLIFT with recent cross-attention-based feature upsampling methods
when running with gradually increasing image sizes. We report the average inference time and memory usage against the visual token
count for two different GPU types: an NVIDIA A5000 with 24 GB of memory and an NVIDIA A6000 with 48 GB. UPLIFT maintains
linear time and memory scaling with respect to the number of tokens, while the baseline methods show quadratic scaling. This gives
UPLIFT far faster performance as the token count increases, and allows us to run pixel-dense feature upsampling on larger images.

D.4. Additional Visualization for Generative Tasks

We provide further visualizations for UPLIFT applied to
generative tasks. Figure 11 highlights UPLIFT's strong and
ef cient performance in 4 super-resolution from 512 512

to 2048 2048. We nd that UPLIFT adds only 8:47%
latency compared to bilinear upsampling in latent space,
and yields far superior image quality to the naive upsam-
pling method. Figure 12 includes 2048 2048 images, up-
scaled from Stable Diffusion 1.5, and Figure 13 shows the
same at 1024 1024. For the super-resolution task, we in-
clude samples from the evaluation datasets FacesHQ and
LHQ using 2 iterative upsampling twice, from 256 256

to 1024 1024 in Figure 14 and Figure 15 respectively.
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LiFT 2x LiFT 4% LiFT 8x LiFT 16x

DINOvV2 Feature UPLIFT 2x UPLIFT 4x UPLIFT 8x%

5

UPLIFT 16x

P

LiFT 16x (zoom) UPLIFT 16x% (zoom) LiFT 16x (zoom) UPLIFT 16x% (zoom)

Figure 10. Comparison of semantic drift in LiFT and semantic stability in UPLiFT. We visualize intermediate feature upsampling
steps through PCA, following [15]. LiFT shows signs of feature drift, with local features becoming murkier and more distorted in deeper
steps. This drift can lead to poor performance in downstream tasks, as the strength of the original backbone representation is lost. UPLiFT
maintains consistent feature semantics thanks to our Local Attender, and local object regions maintain consistent features (coloration)
across all upsampling stages.

18



Source Image

512x512

— —

Latency: Latency:
1.29 seconds 1.40 seconds
NVIDIA A100 NVIDIA A100

Latent Space Bilinear UPLIFT (Ours)
2048 %2048 2048 <2048
Zoom Ins

Source Image

Figure 11. UPLIFT vs. Latent Space Bilinear 4 upsampling for image super-resolution . We compare the latency of UPLiFT versus
applying bilinear upsampling in latent space for image super-resolution to demonstrate UPLiFT’s state-of-the-art efficiency. While only
8:47% slower end-to-end, UPLiFT produces significantly better visual fidelity, as shown by the zoomed-in views (bottom) which display
the source low-resolution image compared with UPLiFT’s super-resolution image. The low-resolution image is selected from the FacesHQ
dataset and bilinearly downscaled from 1024 1024 to 512 512 before UPLIFT is applied. Best viewed zoomed in.
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