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ABSTRACT

Transfer learning involves adapting a pre-trained model to novel downstream
tasks. In this work, we empirically observe that current transfer learning methods
often fail to focus on task-relevant features, potentially degrading transfer learning
performance. We then explore refocusing model attention to improve transfer
learning. We introduce Top-Down Attention Steering (TOAST), a novel transfer
learning algorithm that keeps the pre-trained backbone frozen, selects task-relevant
features in the output, and feeds those features back to the model to steer the
attention to the task-specific features. By refocusing the attention only, TOAST
achieves state-of-the-art results on a number of transfer learning benchmarks, while
having a small number of tunable parameters. Compared to fully fine-tuning,
LoRA, and prompt tuning, TOAST substantially improves performance across
a range of fine-grained visual classification datasets (e.g., 82.6% → 86.2% on
FGVC). TOAST also outperforms the fully fine-tuned Alpaca and Vicuna models
on instruction-following language generation.

1 INTRODUCTION

The prevailing approach for addressing novel tasks in deep learning is leveraging a pre-trained model
and transferring it to the specific downstream task (Bommasani et al., 2021). Common approaches
for transfer learning involve updating parts or all of the parameters in the model (e.g., fine-tuning,
LoRA (Hu et al., 2021)) or adding task-specific augmentation to the input (e.g., prompt tuning (Lester
et al., 2021), VPT (Jia et al., 2022)) in order to adjust model features for the downstream task.

However, we empirically find that previous transfer learning methods usually fail to focus the model’s
attention on task-relevant signals. For example, in Figure 1(b) we visualize the attention map of a
ViT model pre-trained on ImageNet and transferred to downstream bird classification via fine-tuning,
LoRA, or VPT. Such attention maps are often extremely noisy and fail to focus on task-specific
objects. This encourages us to rethink the role of attention in transfer learning and if we can boost
performance by refocusing the model’s attention on task-related signals.

In this work, we show that refocusing attention is key to transfer learning. We introduce Top-Down
Attention Steering (TOAST), a novel transfer learning approach that learns new tasks by redirecting
the attention to task-relevant features. This is achieved through a top-down attention module (Shi
et al., 2023) which allows a model to adjust its attention in a task-adaptive way. The top-down
attention module takes the output features from the backbone, selects the features that are relevant to
the task, and then feeds them back into each self-attention layer in the backbone. These top-down
signals will enhance the task-relevant features in each layer, and the feedforward backbone runs
again with the enhanced feature, achieving stronger attention on the task-relevant signals. When
transferring to different downstream tasks, TOAST simply freezes the pre-trained backbone and tunes
the top-down attention module to steer the attention to task-specific signals (Figure 1(a)).

Remarkably, by simply refocusing attention, TOAST achieves state-of-the-art results on various
transfer learning benchmarks. Compared to fully fine-tuning, LoRA, and VPT, TOAST significantly
improves the performances on FGVC fine-grained classification (e.g., 5% improvement over fully
fine-tuning on average accuracy), and obtains the best performance on 12 out of 19 tasks on VTAB
benchmark (Zhai et al., 2019). Beyond visual recognition, TOAST can adapt large language models
such as LLaMA (Touvron et al., 2023) for instruction-following language generation, resulting in
more detailed and informed answers and outperforming fully fine-tuned Alpaca (Taori et al., 2023)
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Figure 1: We take an ImageNet pre-trained ViT and transfer it to downstream bird classification using
different transfer learning algorithms. Here we visualize the attention maps of these models. Each
attention map is averaged across different heads in the last layer of ViT. (a) Our method, TOAST,
is able to refocus the attention of a pre-trained backbone onto task-specific features, improving
the downstream performance by a large margin. (b) Previous transfer learning methods such as
fine-tuning, LoRA, and VPT fail to focus on task-relevant objects, achieving suboptimal performance.

and Vicuna (Chiang et al., 2023). We also explore variants of TOAST that have improved parameter
efficiency and computational efficiency. These observations strengthen our idea that refocusing
attention is key to transfer learning and sheds light on future exploration in the field.

Contributions. 1) We empirically observe that previous transfer learning methods struggles at
focusing attention on task-relevant objects on downstream tasks. 2) We propose TOAST, an algorithm
that performs transfer learning by steering model attention on the task-relevant objects. 3) We
show that by simply refocusing attention, TOAST is able to significantly improve transfer learning
performance on several vision and language benchmarks.

2 RELATED WORK

Transfer learning refers to adapting a pre-trained model to a downstream task, which has become the
paradigm of tackling unseen tasks for both vision (Zhuang et al., 2020) and language (Devlin et al.,
2018; Radford et al., 2018). Normal approaches for transfer learning involve tuning all the parameters
(i.e., fully fine-tuning) or part of the parameters (e.g., only tuning the last few layers (Yosinski et al.,
2014) or the bias terms (Cai et al., 2020) of the network). Recent progress on large foundation
models (Bommasani et al., 2021; Dehghani et al., 2023; Touvron et al., 2023) has promoted the
exploration of Parameter-Efficient Fine-Tuning (PEFT) which is able to adapt the model by tuning
only a small number of parameters (usually less than 1% of all the parameters) and thus is more
suitable for large models with billions of parameters. Common strategies include freezing the pre-
trained backbone and adding additional tunable parameters (e.g., Adapter (Houlsby et al., 2019),
LoRA (Hu et al., 2021)) or task-specific input augmentation (e.g., prefix tuning (Liu et al., 2021),
prompt tuning (Lester et al., 2021; Jia et al., 2022)). However, either fine-tuning or PEFT methods
suffer from focusing attention on downstream tasks as shown in this paper, and we show TOAST can
significantly improve downstream performances by refocusing the attention.

Top-down attention and its relation to transfer learning. Top-down attention, one of the hallmarks
of the human visual system, is the ability to selectively focus one’s attention on the input signals that
are relative to the current task or goal (Carrasco, 2011; Zhaoping, 2014). Top-down attention has
been applied to different computer vision tasks such as object detection (Oliva et al., 2003), image
captioning (Xu et al., 2015), and visual question answering (Anderson et al., 2018; Xu & Saenko,
2016). Recent work (Shi et al., 2023) has designed a top-down attention module for Transformer,
which we adopt in this work. On the other hand, previous studies on human perceptual learning
have indicated a close relationship between top-down attention and how humans adapt to unseen
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Figure 2: Comparison between the attention map of different models. The first two rows are evaluated
on bird classification, and the last two on car classification. The attention of fine-tuning, LoRA, and
VPT is noisy, while TOAST has cleaner attention that is focused on the task-relevant signals such as
the foreground birds or the headlights and the badge of the cars.

tasks. Specifically, top-down attention facilitates learning new tasks by extracting task-relevant
features while ignoring the distracting information (Lavie, 1995; Rees et al., 1997). Additionally,
it is shown that only the task-relevant features are enhanced during adaptation, while the irrelevant
features remain undistorted (Ahissar & Hochstein, 1997; Schoups et al., 2001; Tsushima & Watanabe,
2009). This stands in contrast with transfer learning algorithms such as fully fine-tuning where all
the pre-trained features are modified, indicating that the key to learning new tasks is adjusting the
attention, not the pre-trained features.

3 PREVIOUS TRANSFER LEARNING METHODS FAIL TO FOCUS ATTENTION

In this section we make the empirical observation that, when transferring a pre-trained model to
downstream tasks using previous transfer learning methods (e.g., fully fine-tuning, VPT (Jia et al.,
2022), LoRA (Hu et al., 2021)), the model usually fails to focus its attention on objects or features
that are relevant to the downstream task.

Table 1: The mean IoU between at-
tention map of each transfer learning
method with the foreground object mask.

Method mIoU@CUB

Fine-tune 5.74
LoRA 21.49
VPT 16.3
TOAST 41.28

The experimental setup follows previous literature. Specif-
ically, we evaluate on FGVC which contains 5 downstream
visual classification tasks. We take an ImageNet pre-
trained ViT (Dosovitskiy et al., 2020) and tune the model
on the downstream tasks using fully-finetuning, LoRA, or
VPT. Then we take the attention map from the [CLS]
token to other tokens in the last layer of ViT. The atten-
tion map is averaged across different heads. Results are
visualized in Figure 2. Examples come from downstream
bird or car classification. we can see that three transfer
learning methods all show extremely noisy attention maps
and do not focus the attention on the task-relevant objects. To quantitatively evaluate the attention, we
measure the mean IoU between the attention map and the foreground segmentation mask on FGVC
bird classification dataset (CUB). As shown in Table 1, all three methods admit low segmentation
results, indicating the misalignment between attention and the foreground objects.

These observations indicate, surprisingly, that the prevailing transfer learning methods all suffer on
focusing attention on the task-relevant objects. This inspire us to explore whether refocusing the
attention back to the objects can improve the transfer learning performance. In the next section,
we propose an algorithm that performs transfer learning by steering and refocusing attention, and
we show in Section 5 that attention refocusing can indeed significantly improve transfer learning
performance.
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Figure 3: (a) Overview of TOAST. In addition to the regular feedforward transformer which contains
interleaving MLP and Attention blocks, we add a feature selection module and a feedback path
consisting of linear layers. Inference has four steps: (i) the input goes through the feedforward
transformer, (ii) the output tokens are softly reweighted by the feature selection module based on
their relevance to the task, (iii) the reweighted tokens are sent back through the feedback path, and
(iv) we run the feedforward pass again but with each attention layer receiving additional top-down
inputs. During the transfer, we only tune the features selection module and the feedback path and
keep the feedforward backbone frozen. (b) The feature selection module first selects the task-relevant
tokens by reweighting the tokens based on their similarity to the task embedding, then selects the
task-relevant channels by applying a task-specific linear transform on the channel dimension. (c) In
the second feedforward pass, each self-attention layer receives an additional top-down input, which is
added on the value matrix.

4 TOP-DOWN ATTENTION STEERING

We propose Top-Down Attention Steering (TOAST), an algorithm of transfer learning via attention
steering. Specifically, TOAST first arms the pre-trained model with a top-down attention module,
which is then tuned to steer model attention during transfer learning. We first introduce the top-down
attention module in Section 4.1, and then describe the attention steering pipeline in Section 4.2.

4.1 TRANSFORMER WITH TOP-DOWN ATTENTION

Transformer model is usually bottom-up, i.e., its attention only depends on the input, and as a
consequence, it normally highlights all the salient features in the input signal. As opposed to bottom-
up attention, top-down attention endows the ability to adapt one’s attention according to the high-level
goal or task and only focuses on the task-relevant objects (Carrasco, 2011; Zhaoping, 2014).

In this work, we follow the top-down attention design proposed in (Shi et al., 2023), which is
illustrated in Figure 3(a). Specifically, for a regular transformer which is purely feedforward, we
add a feature selection module and a feedback path for top-down attention. Inference of the network
contains four steps: (i) pass the input through the feedforward path to get an initial output, (ii) select
which features in the output is useful for the current task, (iii) the selected features are passed through
the feedback path and sent back to each self-attention module, and (iv) run the feedforward pass
again but with each self-attention receiving the top-down signal as additional input. In this way, the
task-relevant information is enhanced in each layer, achieving top-down attention.

Within the network, the feedforward path is a regular transformer, and the rest is described below:

Feature selection (Step (ii)). From the output of the feedforward backbone, this module selects
the features that are useful for the task at hand. This includes the selection of both the tokens and
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the channels that are task-relevant. Figure 3(b) illustrate the process. Specifically, denoting the
output from the first feedforward pass by (zi)

N
i=1 where zi ∈ Rd is the i-th output token, the feature

selection operates on each token and outputs z̃i = P · sim(zi, ξ) · zi, where ξ ∈ Rd and P ∈ Rd×d

are task-specific parameters, and sim(·, ·) is cosine similarity clamped to [0, 1]. Here ξ acts as a
task embedding that encodes what kind of tokens are important for the task, and each token zi is
reweighted by its relevance (measured by cosine similarity) with the task embedding, simulating the
token selection. Then the linear transform by P executes the channel selection for each token.

Feedback path (Step (iii)). After feature selection, the output tokens are sent back through the
feedback path. The feedback path contains the same number of layers as the feedforward path, and
each layer is a simple linear transform. The output from each layer goes through another linear
transform and is sent into the self-attention module as the top-down input for the second feedforward.

Self-attention with top-down input (Step (iv)). In the second feedforward pass, each self-attention
module receives an additional top-down input. As shown in Figure 3(c), we simply add it to the value
matrix while keeping the query and key untouched, i.e., Q,K,V = WQX,WKX,WV (X+Xtd),
where X is the regular bottom-up input to the self-attention module, and Xtd is the top-down input.
Then the regular self-attention on Q,K,V follows.

4.2 TOP-DOWN ATTENTION STEERING

Given a pre-trained transformer, TOAST randomly initialize a top-down attention module and
follows a two-stage pipeline: (i) pre-tuning the top-down attention on a general public dataset (e.g.,
ImageNet (Deng et al., 2009) for vision or OpenWebText (Gokaslan & Cohen, 2019) for language)
to get a better initialization, and (ii) tuning the top-down attention on the downstream task. In both
stages, we freeze the pre-trained backbone and only tune the top-down attention module (Figure 3(a)).

Pre-tuning stage. Since the top-down attention module is randomly initialized, directly tuning it on
downstream tasks might lead to suboptimal performance (see ablation in Section 5.6). To this end,
we propose to first pre-tune the top-down attention on a general public dataset such as ImageNet or
OpenWebText to get a better initialization. During pre-tuning, except for the regular supervised or
unsupervised loss, we also add the variational loss proposed in (Shi et al., 2023), which encourages
the feedback path to reconstruct the input from the output, as a regularization on the feedback weights.

Tuning stage. When transferring to the downstream task, TOAST only fine-tunes the parameters in
the top-down attention module. In this case, around 15% of the parameters are updated for vision
models such as ViT, and around 8% of the parameters are tuned for large language models such
as LLaMA. We notice that most of the tunable parameters are from the feedback layers, each of
which contains a d× d matrix and is large when the feature dimension d is high. To further promote
parameter efficiency, we also propose TOAST-Lite, which applies LoRA on the feedback layers.
In this way, only less than 1% of the parameters are tuned. We empirically show that TOAST-Lite
performs on par with TOAST on certain tasks while slightly worse on others (see Section 5.4).

5 EXPERIMENTS

In this section, we first evaluate the attention steering process in TOAST (Section 5.1). Then we
evaluate TOAST’s performance on visual classification and segmentation (Section 5.2) and language
generation (Section 5.3). We also explore parameter-efficient (Section 5.4) and computation-efficient
(Section 5.5) version of TOAST. Finally, we conduct ablation studies on the designing choices
of TOAST (Section 5.6). Please refer to Appendix for additiona results such as TOAST adapted
ConvNet architectures.

Datasets. We pre-tune the top-down attention on ImageNet (Deng et al., 2009) for vision models and
a subset of OpenWebText (Gokaslan & Cohen, 2019) for language models. For evaluation on visual
classification, we follow the protocols in (Jia et al., 2022) and evaluate on FGVC and VTAB-1k (Zhai
et al., 2019). FGVC contains 5 datasets of fine-grained natural image classification, each with
around 10k training images. VTAB has 19 classification tasks that span natural image classification,
specialized image classification (satellite, medical, etc.), and image structure understanding (e.g.,
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object counting, depth estimation), with each task containing 1k training images. For evaluation on
language generation, we compare to Stanford Alpaca (Taori et al., 2023) by training on the same
Alpaca dataset which contains 52k instruction-following data, and compare to Vicuna (Chiang et al.,
2023) by training on an open-source dataset collected from ShareGPT conversations.

Experimental setup. We compare with several baselines for transfer learning: (i) Linear freezes
the pre-trained backbone and only tunes a linear head on top of it, (ii) Fully fine-tuning tunes the
whole backbone, (iii) VPT (Jia et al., 2022) adds additional prompt tokens into the input as well
as each intermediate layer and only tunes the prompt tokens, (iv) LoRA (Hu et al., 2021) adds
low-rank matrices onto the linear transform weights in the network and only tunes the low-rank
matrices. The pre-trained backbone for visual classification is by default ViT-B (Dosovitskiy et al.,
2020) pre-trained on ImageNet-1k. To align with the literature, we also test the performance on
VTAB-1k using a ViT-B pre-trained on ImageNet-21k. For language generation, we use LLaMA-7B
and LLaMA-13B (Touvron et al., 2023) as the pre-trained backbones.

5.1 UNDERSTANDING AND EVALUATING ATTENTION STEERING IN TOAST

Figure 4: Visualization of the attention maps
during each step of model inference. The
attention is extremely noisy in the first feed-
forward. The feature selection step coarsely
selects the task-relevant features, and in the
second feedforward, the attention is refined
and refocused on the task-relevant objects.

To understand how TOAST adapts to downstream
tasks by refocusing its attention, we visualize how
the attention changes during the inference of the top-
down attention model (see Section 4.1). In Figure 4,
we show the attention map in the first feedforward
pass, the similarity map in the feature selection step,
as well as the attention in the second feedforward
pass. We take FGVC bird classification as our ex-
ample. One can see that in the first feedforward the
pre-trained model fails to concentrate on the task-
relevant objects. TOAST addresses this problem with
two stages. First, it selects the task-relevant features
with the feature selection module. We can observe
from the cosine similarity map that it coarsely se-
lects the task-relevant objects. Then the reweighted
tokens are sent back to the network to enhance the
task-relevant features in the second feedforward run.
We can see the attention is refined and refocused
on the bird, providing better representations for the
downstream task.

We compare attention maps between TOAST and
other baselines. We use examples from FGVC bird and car classification. As shown in Figure 2, for
bird classification, TOAST clearly focuses on the foreground birds while other methods either have
noisy attention or completely ignore the foreground object. On car classification, we observe that
TOAST tends to concentrate on the headlights and the badge of the car which helps discriminate
different brands of cars, while other methods have less explainable and noisier attention. For a
quantitative comparison, Table 1 shows attention map of TOAST has nearly 2x mIoU than baselines,
indicating its attention is much more aligned with foreground objects.

5.2 EVALUATION ON VISUAL CLASSIFICATION AND SEGMENTATION

We first evaluate TOAST on FGVC which contains 5 datasets of fine-grained natural image classifi-
cation (Table 2). We can see that TOAST outperforms fully fine-tuning as well as other baselines
by a large margin. Especially, TOAST improves the average accuracy by 5% over fine-tuning while
training less parameters. This is possibly due to the over-fitting issue in fine-tuning, which is also
observed in VTAB-1k experiments. LoRA and VPT alleviate the over-fitting issue by only tuning a
small part of the parameters, and reach higher downstream performance. TOAST achieves the highest
avarage accuracy by refocusing the model’s attention to objects relevant to downstream tasks.

We also test on VTAB-1K, which contains 19 datasets of natural and specializedimage classification
as well as image structure understanding. Since each dataset only has 1k training images, VTAB
simulates a setting with higher data scarcity. Results are shown in Table 3. Overall, TOAST reaches
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Table 2: Results on FGVC fine-grained classification. TOAST is able to outperform previous baselines
by a large margin on different tasks and achieves state-of-the-art average performance.

CUB Bird Flower Dog Car Avg

Linear 76.8 47.3 81.7 97.7 60.3 72.8
Fine-tune 80.5 60.2 86.9 94.7 83.2 81.1
VPT 82.1 72.1 83.6 97.3 77.8 82.6
LoRA 82.5 71.2 81.2 97.5 76.6 81.8
TOAST 85.0 75.2 88.7 97.4 84.9 86.2

Table 3: Results on VTAB-1K benchmark. TOAST outperforms previous baselines on 11 out of 18
tasks for ImageNet-1k pre-trained model and 10 out of 18 tasks for ImageNet-21k pre-trained model.
All methods are implemented in the same environment.
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ImageNet-1k pre-trained
Fine-tune 44.7 77.3 55.5 74.5 86.0 85.1 17.4 84.9 95.0 82.8 74.2 60.2 53.1 33.5 77.6 61.9 39.0 15.0 36.6 64.7
VPT 65.3 90.5 67.7 88.3 88.6 82.2 40.6 82.3 94.5 83.1 74.0 51.5 51.1 44.1 69.3 63.8 49.5 25.3 28.6 68.7
LoRA 69.3 88.8 66.6 90.3 90.3 81.9 41.5 83.4 94.8 83.5 75.0 66.8 56.9 48.9 77.6 76.2 53.5 26.6 37.1 71.7
TOAST 73.8 92.1 68.7 93.0 89.0 76.3 41.9 82.8 95.3 85.7 74.6 61.2 58.7 43.5 78.8 86.1 51.2 27.0 43.4 72.5
ImageNet-21k pre-trained
Fine-tune 70.2 85.8 64.3 97.5 85.8 85.9 40.0 78.2 95.7 83.8 73.9 53.1 57.3 37.5 68.2 60.5 35.2 18.8 28.0 67.8
VPT 75.4 88.7 66.3 98.1 87.3 73.7 52.3 80.3 93.5 83.4 74.1 49.6 58.1 41.9 62.7 65.1 42.9 24.0 24.2 68.8
LoRA 83.6 89.4 66.2 98.6 89.4 83.8 52.6 81.1 95.8 84.6 74.7 77.6 59.5 46.8 74.1 73.0 48.6 25.6 32.2 73.1
TOAST 82.1 90.5 70.5 98.7 89.7 71.9 53.3 84.3 95.5 85.5 74.2 75.4 60.8 44.7 77.5 73.9 47.5 24.5 33.7 73.1

competitive performances, outperforming other baselines in 12 of 19 datasets for ImageNet-1k
pre-trained model and 11 of 19 datasets for ImageNet-21k pre-trained model. We notice that TOAST
shows more advantages on natural image classification than on specialized image classification or
image structure understanding. This is possibly because the last two task categories have too large
gaps from the pre-training task of natural image classification, and the features relevant to downstream
tasks are absent in the pre-trained backbone. In this case, only refocusing the attention is not enough
and tuning the feedforward backbone is essential for learning the features.

Table 4: Results on Semantic Segmentation.
TOAST consistently outperforms LoRA and
VPT but still lags behind fully fine-tuning.

PASCAL VOC ADE20K

Fine-tune 82.05 47.89
VPT 76.80 41.42
LoRA 78.43 42.94
TOAST 80.44 45.11

Beyond visual recognition, previous work (Jia et al.,
2022) shows that PEFT methods are not compara-
ble to fine-tuning on dense prediction tasks such as
semantic segmentation. Here we test TOAST on
semantic segmentation on two datasets, PASCAL
VOC (Everingham et al.) and ADE20K (Zhou et al.,
2017). We use ImageNet-21k pre-trained ViT-B as
the backbone and UperNet (Xiao et al., 2018) as the
segmentation head. From Table 4, we observe that
TOAST has better performance than VPT and LoRA,
although still underperforms fine-tuning. One possi-
ble reason is that the backbone is pre-trained on image classification which has too large a discrepancy
with segmentation tasks in terms of the hierarchy and semantics of the required visual representations.

5.3 EVALUATION ON LANGUAGE GENERATION

We apply TOAST to LLaMA-7B and LLaMA-13B (Touvron et al., 2023) and tune it on the Alpaca
dataset (Taori et al., 2023) to compare to Stanford Alpaca, and on the open-source ShareGPT dataset
to compare to Vicuna (Chiang et al., 2023). For evaluation, we follow the pipeline in Vicuna (Chiang
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Table 5: Results of Instruction Tuning. We use GPT-4 to evaluate the performance. LoRA has inferior
performance while TOAST is able to outperform fully fine-tuned Alpaca and Vicuna. †We train the
Alpaca and Vicuna baselines using the same open-source data as LoRA and TOAST and report the
performance thereof.

Generic Knowledge Roleplay Common Fermi Counterfact Writing Avg

Alpaca-7B† 7.8 8.5 8.0 8.0 4.3 8.7 9.7 7.9
- LoRA 6.7 7.3 6.7 7.0 5.0 7.3 8.0 6.9
- TOAST 8.0 9.0 7.7 8.0 7.0 8.0 8.7 8.1

Vicuna-7B† 8.3 8.8 8.2 8.0 6.7 7.7 8.8 8.1
- TOAST 8.7 9.0 8.7 9.0 6.5 7.0 9.0 8.3

Vicuna-13B† 7.6 8.5 9.3 8.2 7.0 8.0 8.7 8.2
- TOAST 8.9 9.0 8.0 9.0 6.7 8.0 9.0 8.4

et al., 2023), i.e., we ask questions that span different categories and use GPT-4 (OpenAI, 2023) to
score the answers provided by the model. Scores are based on the answers’ helpfulness, relevance,
accuracy, and level of detail. In Table 5, we compare the scores of different models on each category
of questions. All the scores are on a scale of 1-10. Overall, TOAST has better performance than
fine-tuning for each baseline model, outperforming the fully-finetuned Alpaca-7B, Vicuna-7B and
13B, while tuning only 8% of the parameters. It is worth noting that Vicuna-7B with TOAST can
already outperform the fine-tuned Vicuna-13B while having only half of the parameters. On the other
hand, LoRA is less competitive and lags far behind the fine-tuning baseline on Alpaca. Looking into
the output response from TOAST, we observe that TOAST is especially better at providing detailed
and informed answers, which makes it a better assistant for knowledge-based questions (e.g., Generic,
Knowledge, Common). Please refer to Appendix for examples.

5.4 IMPROVING PARAMETER-EFFICIENTY OF TOAST

Table 6: Evaluation of TOAST-Lite on FGVC vi-
sual classification and Alpaca language generation.
TOAST-Lite outperforms LoRA and VPT with a
similar number of tunable parameters.

FGVC Alpaca
#Param Acc #Param Score

Fine-tune 87M 81.1 7B 7.9

LoRA 0.3M 79.8 4.2M 6.9
VPT 0.9M 78.0 - -

TOAST 14M 86.2 537M 8.1
TOAST-Lite 0.9M 86.0 19M 7.4

Although TOAST tunes only a small fraction
of the parameters (e.g., 8% of parameters for
LLaMA), the number of tunable parameters is
still large especially for LLMs which have bil-
lions of parameters. We observe that most of the
tunable parameters are from the feedback path.
To further improve parameter efficiency, we pro-
pose TOAST-Lite which applies LoRA on the
feedback path. In this way, only less than 1%
of the parameters are tuned. Here we evaluate
the performance of TOAST-Lite on FGVC and
Alpaca. Results are shown in Table 6. We can
see that although TOAST-Lite tunes much fewer
parameters than TOAST, it performs on par with
TOAST on FGVC. It also largely outperforms
LoRA and VPT while having a similar level of parameter efficiency. For Alpaca, TOAST-Lite has a
degraded performance compared to TOAST but still outperforms LoRA, making it a strong baseline
for Parameter-Efficient Fine-Tuning. See Appendix for more results of TOAST-Lite.

5.5 IMPROVING COMPUTATION-EFFICIENCY OF TOAST

Behind the promising performances, one drawback of TOAST is the computation overhead since the
feedforward path is run twice, which approximately doubles the FLOPs of the model. To improve
computational efficiency, we propose TOAST-Late, a variant of TOAST that only runs the feedback
path for the later stage of the backbone, i.e., the feedback signal from the last layer is sent to the
middle layer instead of the first layer, and the early layers do not receive any feedback signals. In this
way, we can share the outputs of the early layers across two feedforward runs without rerunning this
part. In Table 7, we compare the computational efficiency of TOAST, TOAST-Late, as well as the
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Table 7: Results of TOAST-Late on FGVC visual classification and Vicuna language generation. The
default backbones are ViT-B or LLaMA-7B. † indicates using larger backbone (ViT-L or LLaMA-
13B) for transfer learning. Although TOAST doubles the FLOPs over fine-tuning, it outperforms the
larger fine-tuned models while having fewer FLOPs or shorter training time. TOAST-Late reduces
the FLOPs but with a cost of degrading performances compared to TOAST.

FGVC Vicuna
Train Time (↓) FLOPs (↓) Acc Train Time (↓) FLOPs (↓) Score

Fine-tune 31.7 1x 81.1 60.7 1x 8.1
- Larger Model† 53.6 3.5x 86.0 103.2 1.9x 8.2

TOAST 29.4 2.1x 86.2 32.7 2.1x 8.3
TOAST-Late 25.0 1.4x 84.1 26.1 1.4x 8.2

fine-tuning baselines. Here we report both training-time efficiency (measured by the wall clock train
time of each epoch or iteration) and inference-time efficiency (measured by FLOPs). We first see that
TOAST has 2.1x FLOPs compared to fine-tuning baseline. However, it is worth noting that TOAST
actually outperforms the larger fine-tuned models while having fewer FLOPs or shorter training time.
On the other hand, TOAST-Late reduces the FLOPs from 2.1x to 1.4x, while still outperforming the
fine-tuning baseline, although at the slight cost of degraded performance compared to TOAST. We
also observe that both TOAST and TOAST-Late reduces the training time compared to fine-tuning.
This is because the feedforward backbone is frozen, saving the time of building the computational
graph in the first feedforward run, and a much smaller number of tunable parameters greatly saves
the cost of updating parameter gradients.

5.6 ABLATION STUDIES

Table 8: Ablation studies on the pre-
tuning stage, the token-wise and channel-
wise attention in TOAST.

Model FGVC Avg Acc

TOAST 86.2
w/o pre-tuning 81.9
w/o token att 82.8
w/o channel att 74.7

We conduct ablation studies to show the importance of
several designs of TOAST: (i) the pre-tuning stage which
provides a better initialization of the top-down attention
module, and (ii) the token-wise and channel-wise attention
in the top-down attention module. For each ablation, we
remove the pre-tuning stage, remove the token selection
in the feature selection module, and freeze the channel
selection as well as the feedback path, respectively. Note
that we freeze the feedback path because it contains linear
transforms on the channel dimension and thus also plays
a role in channel selection. Results are shown in Table 8.
First, we observe that TOAST without pre-tuning has a considerable performance drop from 86.2%
to 81.9%. This indicates a proper initialization of the top-down attention module is crucial. Notably,
TOAST without pre-tuning still outperforms fine-tuning, proving the effectiveness of attention
refocusing. Second, we can see that removing the token-wise attention or channel-wise attention
will both harm the performance. Specifically, removing channel-wise attention has a larger impact,
indicating that at the same position in an image, the pre-trained model is usually not focusing on the
features concerned by downstream tasks.

6 CONCLUSION

This work is motivated by the empirical observation that previous transfer learning methods often
fail to focus the model’s attention on task-relevant signals, which possibly leads to suboptimal
performance on downstream tasks. We show that refocusing attention is the key to better transfer
learning performance. We propose Top-Down Attention Steering (TOAST) which transfers to a
new task by steering the attention onto the task-specific features. Specifically, TOAST freezes the
pre-trained backbone and tunes an additional top-down attention module on the downstream task to
steer the attention. Compared to previous baselines, TOAST is able to achieve state-of-the-art results
on fine-grained visual classification as well as instruction-following language generation while only
tuning a small portion of the parameters.

9



Under review as a conference paper at ICLR 2024

REFERENCES

Merav Ahissar and Shaul Hochstein. Task difficulty and the specificity of perceptual learning. Nature,
387(6631):401–406, 1997.

Peter Anderson, Xiaodong He, Chris Buehler, Damien Teney, Mark Johnson, Stephen Gould, and Lei
Zhang. Bottom-up and top-down attention for image captioning and visual question answering. In
Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 6077–6086,
2018.

Rishi Bommasani, Drew A Hudson, Ehsan Adeli, Russ Altman, Simran Arora, Sydney von Arx,
Michael S Bernstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskill, et al. On the opportuni-
ties and risks of foundation models. arXiv preprint arXiv:2108.07258, 2021.

Han Cai, Chuang Gan, Ligeng Zhu, and Song Han. Tinytl: Reduce memory, not parameters for
efficient on-device learning. Advances in Neural Information Processing Systems, 33:11285–11297,
2020.

Marisa Carrasco. Visual attention: The past 25 years. Vision research, 51(13):1484–1525, 2011.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Mostafa Dehghani, Josip Djolonga, Basil Mustafa, Piotr Padlewski, Jonathan Heek, Justin Gilmer,
Andreas Steiner, Mathilde Caron, Robert Geirhos, Ibrahim Alabdulmohsin, et al. Scaling vision
transformers to 22 billion parameters. arXiv preprint arXiv:2302.05442, 2023.

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Imagenet: A large-scale
hierarchical image database. In 2009 IEEE conference on computer vision and pattern recognition,
pp. 248–255. Ieee, 2009.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al. An
image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

M. Everingham, L. Van Gool, C. K. I. Williams, J. Winn, and A. Zisserman. The
PASCAL Visual Object Classes Challenge 2012 (VOC2012) Results. http://www.pascal-
network.org/challenges/VOC/voc2012/workshop/index.html.

Aaron Gokaslan and Vanya Cohen. Openwebtext corpus. http://Skylion007.github.io/
OpenWebTextCorpus, 2019.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin De Laroussilhe,
Andrea Gesmundo, Mona Attariyan, and Sylvain Gelly. Parameter-efficient transfer learning for
nlp. In International Conference on Machine Learning, pp. 2790–2799. PMLR, 2019.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Menglin Jia, Luming Tang, Bor-Chun Chen, Claire Cardie, Serge Belongie, Bharath Hariharan, and
Ser-Nam Lim. Visual prompt tuning. In Computer Vision–ECCV 2022: 17th European Conference,
Tel Aviv, Israel, October 23–27, 2022, Proceedings, Part XXXIII, pp. 709–727. Springer, 2022.

Nilli Lavie. Perceptual load as a necessary condition for selective attention. Journal of Experimental
Psychology: Human perception and performance, 21(3):451, 1995.

10

https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
http://Skylion007.github.io/OpenWebTextCorpus
http://Skylion007.github.io/OpenWebTextCorpus


Under review as a conference paper at ICLR 2024

Brian Lester, Rami Al-Rfou, and Noah Constant. The power of scale for parameter-efficient prompt
tuning. arXiv preprint arXiv:2104.08691, 2021.

Xiao Liu, Kaixuan Ji, Yicheng Fu, Weng Lam Tam, Zhengxiao Du, Zhilin Yang, and Jie Tang.
P-tuning v2: Prompt tuning can be comparable to fine-tuning universally across scales and tasks.
arXiv preprint arXiv:2110.07602, 2021.

Zhuang Liu, Hanzi Mao, Chao-Yuan Wu, Christoph Feichtenhofer, Trevor Darrell, and Saining Xie.
A convnet for the 2020s. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 11976–11986, 2022.

Aude Oliva, Antonio Torralba, Monica S Castelhano, and John M Henderson. Top-down control
of visual attention in object detection. In Proceedings 2003 International Conference on Image
Processing (Cat. No. 03CH37429), volume 1, pp. I–253. IEEE, 2003.

OpenAI. Gpt-4 technical report, 2023.

Alec Radford, Karthik Narasimhan, Tim Salimans, Ilya Sutskever, et al. Improving language
understanding by generative pre-training. 2018.

Geraint Rees, Christopher D Frith, and Nilli Lavie. Modulating irrelevant motion perception by
varying attentional load in an unrelated task. Science, 278(5343):1616–1619, 1997.

Aniek Schoups, Rufin Vogels, Ning Qian, and Guy Orban. Practising orientation identification
improves orientation coding in v1 neurons. Nature, 412(6846):549–553, 2001.

Baifeng Shi, Trevor Darrell, and Xin Wang. Top-down visual attention from analysis by synthesis.
arXiv preprint arXiv:2303.13043, 2023.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann Dubois, Xuechen Li, Carlos Guestrin, Percy
Liang, and Tatsunori B. Hashimoto. Stanford alpaca: An instruction-following llama model.
https://github.com/tatsu-lab/stanford_alpaca, 2023.

Hugo Touvron, Matthieu Cord, Matthijs Douze, Francisco Massa, Alexandre Sablayrolles, and Herve
Jegou. Training data-efficient image transformers & distillation through attention. In International
Conference on Machine Learning, volume 139, pp. 10347–10357, July 2021.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

Yoshiaki Tsushima and Takeo Watanabe. Roles of attention in perceptual learning from perspectives
of psychophysics and animal learning. Learning and Behavior, 37(2):126–132, 2009.

Tete Xiao, Yingcheng Liu, Bolei Zhou, Yuning Jiang, and Jian Sun. Unified perceptual parsing for
scene understanding. In Proceedings of the European conference on computer vision (ECCV), pp.
418–434, 2018.

Huijuan Xu and Kate Saenko. Ask, attend and answer: Exploring question-guided spatial attention
for visual question answering. In Computer Vision–ECCV 2016: 14th European Conference,
Amsterdam, The Netherlands, October 11–14, 2016, Proceedings, Part VII 14, pp. 451–466.
Springer, 2016.

Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhudinov, Rich
Zemel, and Yoshua Bengio. Show, attend and tell: Neural image caption generation with visual
attention. In International conference on machine learning, pp. 2048–2057. PMLR, 2015.

Jason Yosinski, Jeff Clune, Yoshua Bengio, and Hod Lipson. How transferable are features in deep
neural networks? Advances in neural information processing systems, 27, 2014.

Xiaohua Zhai, Joan Puigcerver, Alexander Kolesnikov, Pierre Ruyssen, Carlos Riquelme, Mario
Lucic, Josip Djolonga, Andre Susano Pinto, Maxim Neumann, Alexey Dosovitskiy, et al. A
large-scale study of representation learning with the visual task adaptation benchmark. arXiv
preprint arXiv:1910.04867, 2019.

11

https://github.com/tatsu-lab/stanford_alpaca


Under review as a conference paper at ICLR 2024

Li Zhaoping. Understanding vision: theory, models, and data. Academic, 2014.

Bolei Zhou, Hang Zhao, Xavier Puig, Sanja Fidler, Adela Barriuso, and Antonio Torralba. Scene
parsing through ade20k dataset. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 633–641, 2017.

Fuzhen Zhuang, Zhiyuan Qi, Keyu Duan, Dongbo Xi, Yongchun Zhu, Hengshu Zhu, Hui Xiong, and
Qing He. A comprehensive survey on transfer learning. Proceedings of the IEEE, 109(1):43–76,
2020.

A ADDITIONAL IMPLEMENTATION DETAILS

A.1 PRE-TRAINED BACKBONE

For the feedforward ViT-B backbone with ImageNet-1k pre-training, we use the implementation from
DeiT Touvron et al. (2021) and pre-train on ImageNet-1k with the same recipe, i.e., using AdamW
optimizer to pre-train for 300 epochs, with a batch size of 512, a base learning rate of 5e-4, and
5 warm-up epochs. For the ViT-B and ViT-L backbone with ImageNet-21k pre-training, we take
the checkpoints from HuggingFace1 2 and convert them into DeiT style. For ConvNeXt we directly
borrow the implementation and checkpoints from the original GitHub repository3. For LLaMA-7B
and LLaMA-13B, we take the checkpoints provided by the community4 5.

A.2 PRE-TUNING STAGE

For vision models such as ViT and ConvNeXt, we first add a randomly initialized top-down attention
module onto the pre-trained backbone and then pre-tune the top-down attention module on ImageNet-
1k classification. In this process, the feedforward backbone is frozen. We pre-tune the model for 30
epochs using the AdamW optimizer, with 3 warm-up epochs, and 3 cool-down epochs, a learning
rate of 0.0005. We also disable the cutmix and mixup. Except for the supervised loss, we also add
the variational loss Shi et al. (2023) which encourages the feedback layer in ℓ-th layer to reconstruct
the input feature to ℓ-th layer from its output. We set the weight of variational loss as 0.03.

For language models, we pre-tune on a subset of OpenWebText Gokaslan & Cohen (2019). The
subset contains 200k lines sampled from the original dataset. We train for 1 epoch with a batch size of
32 and 4 gradient accumulation steps. We use a learning rate of 3e-5. We use DeepSpeed6 parameter
offloading to avoid OOM errors.

A.3 TUNING STAGE

For FGVC experiments, we use the training recipe in Jia et al. (2022). Specifically, on each dataset,
we use a learning rate of 0.01 for TOAST, LoRA, and VPT, and use 0.003 for fine-tuning. We use a
batch size of 32.

For VTAB experiments, we follow Jia et al. (2022) to do a grid search on the best learning rate and
weight decay for each model and each dataset. Specifically, we take 800 images from the training set
to train the model and use the rest 200 images for validation. We pick the set of hyperparameters that
has the highest validation performance. Then we use the same hyperparameters to train the model on
all 1000 images and test on the testing set. For each dataset, we run it five times with random seeds
and report the average results.

For experiments on Alpaca and Vicuna, we use the same training recipe as the Stanford Alpaca
repository7. During the evaluation, we use a temperature of 0.7. The evaluation protocol follows

1https://huggingface.co/google/vit-base-patch16-224-in21k
2https://huggingface.co/google/vit-large-patch16-224-in21k
3https://github.com/facebookresearch/ConvNeXt
4https://huggingface.co/decapoda-research/llama-7b-hf
5https://huggingface.co/decapoda-research/llama-13b-hf
6https://github.com/microsoft/DeepSpeed
7https://github.com/tatsu-lab/stanford_alpaca
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Table 9: Results on FGVC with ConvNeXt-B
backbone.

CUB Birds Flower Dogs Cars Avg

Fine-tune 87.5 72.3 97.1 86.3 87.7 86.2
LoRA 89.6 75.8 99.3 88.5 67.7 84.2
TOAST 90.2 85.6 99.2 88.4 85.8 89.8

Table 10: Results on FGVC with ViT-L back-
bone pre-trained on ImageNet-21k.

CUB Bird Flower Dog Car Avg

Fine-tune 88.3 69.4 98.1 89.8 84.3 86.0
LoRA 89.1 73.9 98.2 94.3 78.1 86.7
TOAST 89.5 75.4 98.5 93.4 85.3 88.4

Table 11: Results on FGVC with TOAST and TOAST-Lite. TOAST-Lite is able to improve the
performance by a large margin over LoRA and VPT while tuning a similar number of parameters.

# Params CUB Birds Flower Dogs Cars Avg

Linear 0.2M 76.8 47.3 81.7 97.7 60.3 72.8
Fine-tune 87M 80.5 60.2 86.9 94.7 83.2 81.1
VPT 0.9M 82.1 72.1 83.6 97.3 77.8 82.6
LoRA 0.3M 82.5 71.2 81.2 97.5 76.6 81.8
TOAST 14M 85.0 75.2 88.7 97.4 84.5 86.2
TOAST-Lite 0.9M 84.5 76.9 89.4 97.4 82.0 86.0

the one in Vicuna Chiang et al. (2023) except we sample 30 questions from the original list of 80
questions.

B ADDITIONAL RESULTS ON TOAST ADAPTED TO DIFFERENT MODEL
ARCHITECTURES

TOAST is adaptable to Convnets. In previous experiments, we use Transformer as the backbone.
We show that we can also use TOAST on convolutional networks (Convnets). First, we need to design
a top-down attention module for Convnets: (i) we keep the design of the feature selection module, (ii)
we change the linear layers in the feedback path into deconvolutional layers so that the bottom-up and
top-down signals in each layer have the same shape, (iii) since there is no self-attention in Convnets,
we directly add the top-down signal onto the bottom-up input of each convolutional layer. Then the
pre-tuning and tuning stages are the same as the transformer setting. In our experiments, we choose
ConvNeXt (Liu et al., 2022) as the backbone and test on FGVC (Table 9). We observe similar results
as in Transformer that TOAST has superior performance than fine-tune and LoRA. This implies
attention refocusing is also important for Convnets.

TOAST is adaptable to larger models. To see if TOAST can scale to larger models, we test ViT-L
pre-trained on ImageNet-21k. As shown in Table 10, on the larger model, TOAST still delivers the
best performance. An interesting observation is that LoRA is able to outperform fine-tune in this
setting, possibly because the pre-trained representation is strong and general enough and largely
modifying the backbone to learn new features is not necessary.

C ADDITIONAL RESULTS OF TOAST-LITE

In this section, we provide more results on TOAST-Lite and compare it to other PEFT algorithms such
as LoRA and VPT. For visual classification, we show the results on FGVC in Table 11. We can see
the TOAST-Lite has a similar number of tunable parameters as LoRA and VPT while obtaining better
or comparable performances on all five datasets. It also outperforms fine-tuning while other PEFT
methods fail to. We also show the results on VTAB-1k (Table 12). We observe that TOAST-Lite
normally is not able to match the performance of TOAST. TOAST-Lite performs on par with LoRA
on classification while has a worse performance on structure understanding.

We also provide more results of TOAST-Lite on language generation task. As shown in Table 13,
TOAST-Lite has a downgraded performance compared to TOAST, but still outperforms LoRA.
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Table 12: Results on VTAB-1K benchmark with TOAST and TOAST-Lite.
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ImageNet-1k pre-trained
Fine-tune 87M 44.7 77.3 55.5 74.5 86.0 85.1 17.4 84.9 95.0 82.8 74.2 60.2 53.1 33.5 77.6 61.9 39.0 15.0 36.6
VPT 0.9M 65.3 90.5 67.7 88.3 88.6 82.2 40.6 82.3 94.5 83.1 74.0 51.5 51.1 44.1 69.3 63.8 49.5 25.3 28.6
LoRA 0.3M 69.3 88.8 66.6 90.3 90.3 81.9 41.5 83.4 94.8 83.5 75.0 66.8 56.9 48.9 77.6 76.2 53.5 26.6 37.1
TOAST 14M 73.8 92.1 68.7 93.0 89.0 76.3 41.9 82.8 95.3 85.7 74.6 61.2 58.7 43.5 78.8 86.1 51.2 27.0 43.4
TOAST-Lite 0.9M 69.0 91.0 65.9 93.3 88.0 78.9 42.9 81.6 96.1 86.0 74.3 62.8 53.3 44.8 73.7 66.0 41.2 26.5 39.0

Table 13: Results of Instruction Tuning on Alpaca. We use GPT-4 to evaluate the performance. LoRA
has inferior performance while TOAST is able to outperform fully fine-tuned Alpaca.

# Params Generic Knowledge Roleplay Common Fermi Counterfactual Writing Avg

Alpaca 7B 7.8 8.5 8.0 8.0 4.3 8.7 9.7 7.9
LoRA 4.2M 6.7 7.3 6.7 7.0 5.0 7.3 8.0 6.9
TOAST 537M 8.0 9.0 7.7 8.0 7.0 8.0 8.7 8.1
TOAST-Lite 19M 7.3 9.3 6.7 7.8 5.1 7.0 8.3 7.4

D ADDITIONAL RESULTS OF LANGUAGE GENERATION

Figure 7-11 show additional results on language generation for Alpaca-7B, Vicuna-7B, and Vicuna-
13B.
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Figure 5: The responses given the question How can I improve my time management skills.
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Figure 6: The responses given the question Can you explain the basics of quantum computing.

16



Under review as a conference paper at ICLR 2024

Figure 7: The responses given the question If you were a Shakespearean character, how would you
declare your love for someone in a soliloquy.
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Figure 8: The responses given the question What if the Aztecs had successfully repelled the Spanish
conquistadors.
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Figure 9: The responses given the question How can you determine if a restaurant is popular among
locals or mainly attracts tourists, and why might this information be useful.
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