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Abstract

This paper focuses on building object-centric represen-
tations for long-term action anticipation in videos. Our key
motivation is that objects provide important cues to rec-
ognize and predict human-object interactions, especially
when the predictions are longer term, as an observed
“background” object could be used by the human actor
in the future. We observe that existing object-based video
recognition frameworks either assume the existence of in-
domain supervised object detectors or follow a fully weakly-
supervised pipeline to infer object locations from action
labels. We propose to build object-centric video repre-
sentations by leveraging visual-language pretrained mod-
els. This is achieved by “object prompts”, an approach
to extract task-specific object-centric representations from
general-purpose pretrained models without finetuning. To
recognize and predict human-object interactions, we use
a Transformer-based neural architecture which allows the
“retrieval” of relevant objects for action anticipation at
various time scales. We conduct extensive evaluations on
the Ego4D, 50S8alads, and EGTEA Gaze+ benchmarks.
Both quantitative and qualitative results confirm the effec-
tiveness of our proposed method. Our code is available at
github.com/brown-palm/ObjectPrompt.

1. Introduction

Given an egocentric video observation, the action antici-
pation task [55] is defined as generating an action sequence
of the camera-wearer in the form of verb and object pairs.
Of particular interest is the long-term action anticipation
(LTA) task [21], which aims to anticipate future actions over
a long time-horizon. A reliable action anticipation algo-
rithm is crucial for building intelligent agents, as it provides
important signals for planning in interactive environments.

This paper aims to build effective object-centric video
representations for action anticipation. As illustrated in Fig-
ure 1, our key motivation is that a detailed, object-centric
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Figure 1. Objects are not only helpful for action recognition (left,
shake a bowl), they also reveal the possible options for future
human-object interactions (right, lift a lid). We propose object
prompts, which leverage visual-language pretrained models (e.g.

GLIP [32]) to build object-centric video representations without
dataset-specific finetuning.

understanding of the scene provides visual cues on the goals
of the actions and the available tools to be interacted with.
The object-centric representation is also inspired and sup-
ported by studies on human perception [22,27,59]. While
objects have been shown to play a crucial role for action un-
derstanding in both humans [53,62] and machines [43, 66],
their impacts on video-based action anticipation are yet to
be studied. Among the earlier attempts at object-based
video action understanding, one common approach is to
leverage object detectors trained on in-domain bounding
box annotations [8, 25, 43, 66, 68] on the same or simi-
lar datasets. While effective, the in-domain bounding box
annotation process is time-consuming and labor-intensive,
which makes the corresponding frameworks unlikely to
scale to visually more diverse videos and complex, clut-
tered scenes. The other approach is to leverage generic
object proposals [58, 61], or to directly work with im-
age patches [17,48,57], and rely on the attention mecha-
nism [60] to pick the salient regions with weak supervision
from the action labels. Despite being more flexible, this
approach does not incorporate prior knowledge on object
locations, and often struggles to “detect” the actual objects,
especially with limited training data.

We propose to address the limitations of the existing ap-
proaches by leveraging visual-language models pretrained
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on large-scale datasets, such as GLIP [32]. We hypoth-
esize that these pretrained models, whose objective is to
(contrastively) associate image regions with text descrip-
tions, learn generic object-centric representation that can
be transferred to the action anticipation task, without the
need to finetune their weights. We identify two challenges
in order to investigate whether visual-language pretrained
models help anticipation: First, how to properly “query”
the pretrained models to retrieve the most relevant objects
in a video observation, based on the domain knowledge;
Second, how to associate different objects in an often clut-
tered scene to predict different human-object interactions in
a long time-horizon. For the first challenge, we propose
object prompts, which incorporate the domain knowledge
of the target dataset by mapping the action (e.g. verb and
object pairs) vocabulary into object prompts. The prompts
are used to query the visual-language pretrained models to
focus on the objects of interest. For the second challenge,
we propose using a predictive transformer encoder (PTE),
which is a Transformer encoder network that jointly attends
to the motion cues (based on pre-trained video encoders)
and the object-centric representation (based on the object
prompts), and dynamically associates the motion and ob-
ject evidence in order to predict future actions at different
time steps. The proposed framework is trained end-to-end
with the future action classification objectives. We refer to
our overall framework as ObjectPrompt.

We conduct thorough experiments on the Ego4D [21]
and the 50Salads [55] long-term action anticipation bench-
marks, and the anticipation benchmark EGTEA Gaze+ [33].
Our quantitative experiments confirm that the prompt-based
object-centric representations can substantially improve the
action anticipation performance. Ablation experiments re-
veal that it is important to incorporate in-domain knowledge
when designing the object prompts, and that object-centric
representation significantly outperforms image-level coun-
terpart [10]. In addition, qualitative analysis shows that the
model learns to associate the corresponding objects when
predicting actions at different time steps.

In summary, our contributions in this paper are three-
fold: First, we demonstrate the effectiveness of object-
centric representation for video action anticipation; Second,
we propose “object prompts” to incorporate domain infor-
mation when querying the pretrained models, and predic-
tive transformer encoder to dynamically associate the ob-
ject evidence for action anticipation; Finally, we provide
extensive quantitative and qualitative analysis of the pro-
posed framework, which achieves competitive performance
on three benchmarks. Our implementation along with the
pretrained models will be released.

2. Related Work

Object-centric Video Representation is an active research
area for action recognition applications. The motivations
include producing a more compact, thus efficient video rep-
resentation by attending to regions of interest; and enabling
compositional generalization to unseen human-object inter-
actions [44] with a structured representation. For example,
Wang et al. [61] extract Rol features from an 3D CNN fea-
ture maps using off-the-shelf detector, and build a graph
neural network on top of Rol features alone. Long-term
Feature Banks (LFB) [63] and Object Transformer [64]
load off-the-shelf object features from object detectors in
video backbones to encode long-term video features. Re-
cently, with the advance of transformer-based architec-
tures, ORVIT [25] proposes to crop [24] object regions as
a new object tokens and attach them to pixel tokens. Ob-
jectLearner [60] fuses an object-layout stream and a pixels
stream using an object-to-pixel transformer. Most of the ex-
isting object-based approaches either assume the availabil-
ity of in-domain bounding box annotations, or apply generic
“objectness” criteria (e.g. bounding box proposals trained
on COCO [35]). ObjectViViT [68] relies on object detectors
trained on the target datasets, or ground truth object anno-
tations during evaluation. They observe that a direct appli-
cation of a general-purpose large-vocabulary object detec-
tor [69] does not help video classification. We propose ob-
ject prompts to leverage a pretrained visual-language model
to generate task-specific object representations, which of-
fers a simple yet effective solution to incorporate domain
knowledge when they are available.

Video Transformers. Transformers [13] are now the
predominant architectures for video recognition. The
vanilla vision transformer (ViT) [13] evenly devides im-
ages into non-overlapping tokens, and run multi-head self-
attention [60] over the tokens. TimeSFormer [5] and
ViViT [4] extends ViT to videos, by introducing cube tok-
enization and efficient cross-time attention, i.e., axis-based
space-time attention [5] or factorized attention [4]. Motion-
Former [48] enhance space-time attention by an implicit tra-
jectory attention module. MVIT [14, 34] and VideoSwin
Transformer [38] re-introduce resolution-pooling as in con-
volution nets in video transformers for efficiency.

Visual-Language Pretrained Models. We have collec-
tively made huge progress towards building unified learning
frameworks for a wide range of tasks, including language
understanding [6, 1 1,37,51], visual recognition [16,29,31,

], and multimodal perception [3,19,26,39,56]. While the
earlier visual-language pretrained models work with image-
level [39,50] or video-level [41, 56] representations, more
recent models are object grounded [23,32,40,46,67]. We
explore the benefits of both object-level [32] and image-
level [50] for action anticipation.
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Figure 2. Illustration of the Long-term Action Anticipation (LTA) task. The learned model is expected to predict a sequence of Z
actions, in the form of object and verb pairs, given visual observations up to time ¢V ) in the video. tY9) is the end time for the j-th
labeled segment in the original video. During evaluation, the edit distance between a predicted sequence and the ground truth sequence is
computed. To account for uncertainty in action anticipation, the model can predict up to K sequences for each input example.

3. Methods

We first introduce the long-term action anticipation
(LTA) problem formulation. Then, we describe our over-
all model architecture. Finally, we describe our choices on
object-based video representation in detail.

3.1. The Action Anticipation Task

Given the significant applications of action anticipation,
numerous benchmarks have been introduced to evaluate
model performance [8,9, 30,47,52,58]. We focus on the
long-term action anticipation (LTA) problem setup intro-
duced by Ego4D [21], whose evaluation metric takes the
diversity of future prediction into account. As illustrated in
Figure 2, the provided annotations first split a long video
V into smaller segments {S‘(})}, where S‘(,Z) is the i-th an-
notated video segment. Each segment is labeled with its
starting time, end time, and action label. The action la-
bel is represented as one verb, object pair (n), v()) for

each segment S‘(,] ). The LTA task is specified by a “stop
time” ¢), which denotes the end time for the last observed
video segment S‘(,J ). The learned model is allowed to ob-
serve any video frames before () in order to make future
predictions {(nU+1) pU+D) (nG+2) yU+2))1 where
Z is the number of future steps to predict. For example,
suppose a person is frying an egg with a pan in a kitchen
where knives, onions, water, and pots are scattered around.
In this scenario, the LTA requires the model to predict the
person’s upcoming actions sequentially, such as picking up
the knife, cutting the onion, and drinking water. To account
for the uncertainty of future behaviors, the model is allowed
to make up to K sets of action predictions for each future
step. For Ego4D [21], the standard setup and use Z = 20,
and K = 5. A special case is when Z = 1, namely next
action prediction. More details on the evaluation metric are
in Section 4.

3.2. Overall Model Architecture

Given a video V and a stop time i ), our model takes
a sequence of video segments {S‘(/]_N”H), e S‘(,])} as
the input observation, and generate a sequence of actions
{(nU+D oG+ (nl+2) (+2))) as outputs. N, is
the number of observed video segments, and Z is the num-
ber of future steps. As illustrated in Figure 3, our overall
model architecture consists of three modules: (1) a collec-
tion of video or object encoders that generate multimodal
representations from video segments; (2) an aggregator net-
work which fuses multimodal input representation across
space and time; (3) an output decoder which generates ac-
tion predictions from the aggregated features.

Video Representation. We use [V, clips from the observed
video segments, each of which is optionally subsampled
(e.g. to have the same number of video frames per clip).
We pass the clips to a video encoder (e.g. SlowFast [15]) to
compute clip-level representations Egi, € R¥*P, where
D is the encoded embedding size. We hypothesize that
these clip-level representations capture scene-level appear-
ance and motion information. We then select N, objects
from the set of detected objects among the N, video seg-
ments. To compute a visual descriptor for each selected
object, we apply an object encoder to generate an object
embedding of the same dimension D. The object represen-
tation Eop; has the shape of N, x D. We discuss how to
obtain the objects and their descriptors in Section 3.3.

Temporal Aggregators. We now introduce Predictive
Transformer Encoder (PTE), a Transformer-based architec-
ture for the action anticipation task. Given Ejj, and Fop;,
PTE is used to generate Z features 2o, 21, ..., 2z—1 for fu-
ture prediction. PTE has learnable tokens Epos € RZ*D.
It concatenates Ecjip, Eobj and Epos to form a sequence
of length Ny + N, + Z, then adds positional and modal-
ity encodings to the entire sequence. PTE uses a bidirec-
tional Transformer encoder [60], so that the learnable to-
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Figure 3. An illustration of the overall model architecture. We consider N, = 1 input video segments, and use N, = 4 objects for the
video input. We consider predicting Z = 4 future actions. Given the features Eip, Eobj extracted by the encoders, Predictive Transformer
Encoder (PTE) encodes Z learnable tokens Epos to compute the features Ei., for action anticipation. A decoder network is applied on
each of the Z encoded token z; from FE¥, to compute verb and object probabilities.

kens corresponding to the future actions can be encoded
in parallel. We refer to the Z encoded learnable tokens as
20y Ry ey RZ—1-

Decoders and Training Objectives. For each z; encoded
by PTE, we apply one set of linear classifiers on top as the
decoder to compute the logits for the actions. We use two
linear classifiers, one for verb, the other for noun. We ap-
ply Softmax Cross-Entropy as the loss function, and assign
equal weights to all Z future steps to be predicted.

Fusion strategies. PTE takes video representations video
encoders that capture motion, and object encoders to ex-
tract object-centric representation. These input represen-
tations can be concatenated together to form the input of
PTE, which are then fused with bidirectional Transformer
encoders. We refer to this approach of combining multiple
video representations as early fusion. To better understand
the best strategy to combine motion and object information,
we also explore late fusion, where we use the two encoders
to generate logits for future actions independently, and then
take the average of the logits to form final predictions.

3.3. Object-centric Video Representation

We now describe how to extract object-centric represen-
tations from videos. As illustrated in Figure 4, we propose
to leverage a general purpose grounded vision-language
model, such as GLIP [32], to recognize objects of inter-
est and compute their corresponding visual descriptors. We
hypothesize that models pretrained on diverse object detec-

tion and phrase grounding datasets like GLIP already en-
code transferrable object information, but it is crucial to
guide the model to focus on the objects of interest based on
domain-knowledge (when they are available). We thus de-
sign an object prompt strategy that effectively incorporates
the prior domain knowledge.

3.3.1 Leveraging Pre-trained Grounding Models

Our proposed framework is able to leverage any recent
image-language grounding models, such as region-text con-
trastive models [67], or open-vocabulary object detec-
tors [23, 46]. To demonstrate the effectiveness of our
proposed framework, we choose one particular model
Grounded Language-Image Pre-training (GLIP) [32], and
we believe advances in grounding models would lead to
more performant object-centric representations. GLIP [32]
proposes a pre-training strategy to build vision-language
foundation models that can be further adopted for “zero-
shot” object detection. During pre-training, GLIP is ag-
nostic to the choice of object detectors to generate re-
gion proposals. In our work, we follow GLIP’s setting to
use Dynamic Head [7] object detector for images, and the
BERT [12] encoder for text inputs. Similar to applying
CLIP [50] for zero-shot image classification, the zero-shot
object detection can be achieved by querying with “object
prompts” (e.g. “an image region with a cat”) to the pre-
trained language-image grounding model.
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Figure 4. An illustration of ObjectPrompt to construct object-centric representation. On the left we show the input image and the list of
objects of interest selected based on domain knowledge (e.g. kitchen and cooking) using ObjectPrompt. The prompts are then provided to
a frozen vision-language model, such as GLIP [32], to detect the objects of interest and extract object-centric visual representations.

To retrieve the object descriptors computed by GLIP for
the finally selected object proposals, we explore two com-
plementary approaches. First, we inject a special identifier
inside each region proposal data structure in order to gain
original object features for each proposal. Second, we crop
and feed the object proposal region into a pretrained im-
age encoder to generate object features. Additionally, we
also extract the object category level alignment scores and
the box location to append to the object-level representa-
tion. The second approach allows us to leverage additional
image-language pretrained model, such as CLIP [50].

3.3.2 ObjectPrompt with Domain Knowledge

Intuitively, domain knowledge is helpful to guide a ground-
ing model to focus on objects of interest. For example,
for humans performing cooking activities in a kitchen (e.g.
Figure 4), it is important to focus on the food and cook-
ware to model human-object interactions. Grounded pre-
trained models naturally support such guidance in the form
of text prompts, namely a list of objects that the model is
expected to ground. We thus hypothesize that the desirable
object prompts should incorporate the domain knowledge
(e.g. common objects appearing in the dataset), and explore
different strategies to design the object prompts.

In order to obtain the object prompts, we first define the
object vocabulary that contains the object classes to be de-
tected. One simple and intuitive solution is to reuse the ob-
ject vocabulary as provided by the task: For LTA, this refers
to the list of objects (nouns) to be interacted with. To re-
fine the vocabulary, we explore two complementary strate-
gies: First, pick the most common object categories based
on their frequency in the training data of the target task;
Second, use word embedding (e.g. word2vec [45]) and K-
Means clustering to group similar categories. In addition,
we also explore standard object vocabulary, such as the one

used by the COCO [35] dataset for comparison. Figure 5
shows the actual detections by GLIP with different object
prompt strategies. Compared to COCO, both most-common
and kmeans are able to better detect the important objects
(e.g. keyboard, music instrument, and hand) thanks to the
in-domain knowledge when designing object prompts.
Discussion. Though well supported by research on human
cognition [22,27,53, 59, 62], how to effectively construct
object-centric video representations remains an open prob-
lem. For example, ObjectViViT [68] observes that general-
purpose object detectors, even capable of detecting over
twenty-thousand object categories [69], do not lead to bet-
ter video representation for the classification task. They in-
stead have to resort to object detectors trained on the target
video datasets, with their collected object bounding box an-
notations. We hypothesize that one important reason for
the challenges of applying general object detectors for rep-
resenting videos is the lack of attention to the objects of
interest: As a result, the irrelevant objects may distract or
mislead the learning framework. Instead of relying on in-
domain object annotations, which are time-consuming to
collect, our ObjectPrompt framework only relies on domain
knowledge, which are extremely easy to collect (e.g. always
detect hands since it is important to model human-object in-
teractions). In our experiments, we simply use the list of
actions in a target dataset to compute the object prompts.

4. Experiment

We now report experimental observations on three
benchmarks, Ego4D, EGTEA Gaze+, and 50Salads to
demonstrate the effectiveness of ObjectPrompt on action
anticpation task. We perform extensive ablation study and
qualitative / quantitative result analysis to support our find-
ings. Additional implementation details can be found in the
supplementary material.
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Figure 5. Example GLIP detection results with different object
prompts on randomly sampled video frames of Ego4D. We ob-
serve that the K-Means clustering strategy (last column) offers the
best precision and recall for the objects of interest in all four cases.

4.1. Experiment Setup

Ego4D [21] contains 3,670 hours of daily life activity ego-
centric video spanning hundreds of scenarios. We focus
on videos under Forecasting subset designed for the LTA
benchmark. It contains 1723 clips with 53 scenarios and
around 116 hours. The label space includes 115 verb as in-
teraction behaviors and 478 noun as objects. We follow the
standard train, validation, and test splits from [21] annota-
tions for evaluation. Test split performance is obtained via
the official evaluation server.

EGTEA Gaze+ [33] contains 28 hours egocentric videos of
cooking activities from 86 unique sessions of 32 subjects.
Each video is annotated with 19 verbs and 53 nouns. We
follow the same train and test splits.

50Salads [55] contains 25 people preparing salads in 50
videos with actions falling into 17 classes. The average
video length is 6 minutes and on average the number of in-
stances per video is around 20. We follow the dataset stan-
dard and perform 5-fold cross-validation in our evaluation.

Evaluation Metrics. For Ego4D, we follow the standard
evaluation protocol from [2 1], and report edit distance (ED).
ED is computed as the Damerau-Levenshtein distance over
sequences of predictions of verbs, nouns and actions. For

the K possible sequences a model predicts, the metric
chooses the smallest edit distance between the ground truth
and any of the K sequences. Following [21], we set K = 5
in our experiments, and report Edit Distance at Z = 20
(ED@20) on the test set and Average Edit Distance (AUED)
on the validation set.

For EGTEA Gaze+, we report topl accuracy and class-
mean topl accuracy. We report next action prediction per-
formance which is the standard practice on this dataset. For
50Salads, we follow the LTA evaluation metric in [2] and re-
port the mean over classes accuracy (MoC@ (O, F)), where
O is the percentage of observed video frames, and F is the
percentage of future video frames to be labeled.

4.2. Ablation Study

We focus our ablation study on the Ego4D dataset. To
better understand the effectiveness of our object-centric rep-
resentation, we only provide the object features Eqp; as the
input to the PTE model.

Object prompts. We first study how to properly incorpo-
rate domain knowledge into object prompt design. We ex-
plore three strategies: “most-common”, “kmeans”, “coco”.
We fix the number of prompts to contain 80 object prompts,
and empirically observe that the performance is robust even
with fewer (e.g. 20 and 40) prompts. As a recap, the
“most-common” strategy pickes the top 80 most frequent
nouns from the Ego4D vocabulary. The “kmeans” strat-
egy contains the top 80 most frequent prompts after the
entire list of objects is clustered to reduce redundancy.
The “coco” baseline uses the 80 object categories from the
COCO [35] dataset. We also include “random” as an ad-
ditional baseline. It randomly picks regions in images as
bounding boxes. From Table la, we can see that both
“most-common” and “kmeans” outperform the baselines
“coco” and “random” significantly, demonstrating the ef-
fectiveness and importance of our designed object prompts.
Object locations and categories. In Table 1c, we observe
that both location and category features provide useful in-
formation when included in the object-centric representa-
tion, especially for the noun ED. We also observe that ob-
ject location information appears to be less important than
category information. We conjecture that the category in-
formation may provide the model with high-level scene in-
formation (e.g. person, laptop, and book is very likely to
indicate a library), which helps the model infer long-term
future actions.

Object quantity and quality. Each grounded object by the
GLIP model comes with a confidence score. Intuitively,
higher scores correspond to higher quality objects, at the
cost of lower recall. In Table 1d, we use a threshold on con-
fidence scores to filter objects. We can see that the model
performs the best when we set threshold to 0.3. In Table 1b,
we vary the maximum number of objects to be selected per
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Vocabulary Verb | Noun | #obj Verb| Noun |
random bbox 0.745 0.945 1 0.735 0.834
coco 0.737 (-1.0%) 0.789 (-16.5%) 3 0.727 0.800
most common  0.734 (-1.5%) 0.776 (-17.8%) 5 0.728 0.771
kmeans 0.728 (-2.3%) 0.771 (-18.4%) 10 0.731 0.781
(a) Object Prompt Strategy (b) Number of Objects
Loc. Cate. Verb] Noun] Threshold Verb| Noun |

X X 0.730  0.789 0.00 0.731 0.781

v X 0.730 0.786 0.30 0.728 0.771

X v 0.731 0.774 0.45 0.728 0.773

v v 0.728 0.771 0.55 0.731 0.787

(c) Location and Category (d) Threshold

Table 1. Ablation study of object-centric representation on the Ego4D validation set. We conduct detailed ablation on (1) object
vocabulary, (2) number of object per frame, (3) object location and category, (4) detection threshold. We only provide object-centric

representation Eop; as the video representation.

Aggregator Modality Fusion  Verb | Noun |,
Transformer  video - 0.751 0.766
PTE video - 0.713 (-5.1%) 0.753 (-1.7%)

PTE video+object early 0.707(-5.9%) 0.743 (-3.0%)
PTE video+object late 0.709 (-5.6%) 0.748 (-2.3%)

Table 2. Temporal modeling and modality fusion on Ego4D
LTA validation set. We observe that PTE outperforms the base-
line temporal aggregator, and object-centric representation can ef-
fectively improve the performance, especially with early fusion.

frame, sorted via confidence scores. We can see the model
performs the best when we use 5 objects per frame. We
conjecture that a trade-off exists between the quantity and
quality of objects.

Temporal modeling. We compare our temporal modeling
methods with Ego4D LTA Baseline [21] in the first two
rows of Table 2. We observe that with the same video
representation Ej;, encoded by a pre-trained SlowFast net-
work, PTE achieves significant improvement over the base-
line temporal aggregator with a vanilla Transformer with no
learnable tokens for future prediction.

Effectiveness of the object-centric representation. The
next two rows of Table 2 study the impact of object-centric
representation. We observe that the object modality helps
reduce the edit distance substantially, especially for noun
prediction. We also observe that early fusion works better
than late fusion.

Enhancing object-centric representation. While we use
GLIP [32] to detect and represent objects, their are many
other pre-trained models we can use to obtain object repre-
sentation. In Table 3, we explore additional pretrained mod-
els for object representation. We still use the same detected

Model Modality Verb| Noun]

- video 0.713 0.753
GLIP video+object 0.707 (-5.9%) 0.743 (-3.0%)
CLIP video+object 0.700 (-6.8%) 0.717 (-4.8%)

Table 3. Impact of object-centric representation on Ego4D LTA
validation set. Incorporating CLIP brings additional performance
gain over GLIP object embeddings.

Model Verb | Noun | Action |
ICVAE [42] 0.7410 0.7396 0.9304
SlowFast [21] 0.7389 0.7800 0.9432
VCLIP [10] 0.7389 0.7688 0.9412

ObjectPrompt (ours) 0.7265 0.7396 0.9290

Table 4. Comparison with the state-of-the-art on the Ego4D LTA
benchmark. We report test split results from the evaluation server.

objects, and use CLIP [50] (ViT-L/14@336px) to represent
detected objects. We observe that incorporating CLIP rep-
resentation further reduces the edit distance. An interesting
future work is to explore other pre-trained visual encoders.

Per-step analysis. We further analyze the per-step edit dis-
tance for verbs and nouns on the Ego4D validation set in
Figure 6. “video (baseline)” uses the vanilla Transformer
Encoder as temporal aggregator. The other methods use
PTE as the temporal aggregator. We can see that our object-
centric representation leads to consistent and significant im-
provements across all 20 steps, especially for the nouns.
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Figure 6. Per-step ED on Ego4D validation (lower is better). Top:
verb. Bottom: noun. ED@Z is the edit distance at Z*" step.

Observation — 20% 30%
Future — 10% 20% 30% 50% | 10% 20% 30% 50%
RNN [2] 30.1 254 187 135|308 172 148 9.8
CNN [2] 212 190 159 9.8 |29.1 201 17.5 109
Sener et al. [54] 347 263 237 157 | 345 261 227 17.1
Qi et al. [49] 379 288 213 11.1 | 375 241 17.1 9.1
FUTR [20] 39.6 275 233 178|352 249 242 153

ObjectPrompt (ours) ‘ 374 289 242 181 ‘ 28.0 240 243 193

Table 5. Comparison with state-of-the-art on 50Salads LTA task.

Model Top-1 Acc. T Class-mean Acc. 1
I3D-Res50 [28] 34.8 232
FHOI [36] 36.6 25.3
AVT [18] 43.0 35.2
ObjectPrompt (ours) 44.6 36.4

Table 6. Comparison with state-of-the-art on EGTEA Gaze+.

4.3. Comparison to the State-of-the-art

Finally, we report the action anticipation performance
on Ego4D, 50Salads, and EGTEA Gaze+ benchmarks, and
compare with previously published results.

Ego4D. Table 4 compares our best model (Slowfast + PTE
(video + CLIP object, early)) with the recent state-of-the-art
methods under comparable settings. We report verb, noun
and action ED on the test set. Our model is able to outper-
form competitive baseline methods.

50Salads. We conduct experiments on long-term action an-
ticipation benchmarks and report class-mean top1 action ac-
curacy in Table 5. Following common practice [2], we pre-
dict 10%, 20%, 30%, and 50%, respectively, of the video
after observing the previous 20% or 30%. We use PTE as a
temporal modeling method in video-only models and CLIP
object representation in video+object models. Our method

achieves overall on par performance with FUTR [20] and
achieves the best performance for longer-term anticipation.
EGTEA Gaze+. Table 6 shows results on the next ac-
tion prediction benchmarks for EGTEA+ Split 1 following
the standard practice. We use CLIP object representation
in video+object models, PTE as temporal modeling, and
finetune the video backbone. We report topl accuracy and
class-mean topl accuracy.

4.4. Qualitative Analysis

In Fig. 7, we show several qualitative examples of ob-
ject attention weights produced by PTE. We use attention
rollout [1] to compute attention weights from Z output ac-
tion (noun, verb) pairs to previous visual observations and
choose the top 10 objects which have the relatively highest
weight. Comparing with the ground truth label shows the
model learns to associate the corresponding objects when
predicting actions at different time steps. More results can
be found in the supplementary materials.

Top 3 weighted objects from
Attention map
['ruler', 'paper’, 'handle']

(Ug[,ng[) = (put, paper)

Top 3 weighted objects from
Attention map
[‘paper’, 'ruler', 'container']

(vg[,ng,) = (adjust, ruler)

Figure 7. Object attention visualizations. We show the top 3
predicted objects generated with attention rollout [1].

5. Conclusion

We propose ObjectPrompt, a framework to effectively
construct object-centric video representation for long-term
action anticipation. Our framework has two modules, an ob-
ject prompt strategy to effectively leverage domain knowl-
edge and construct object-centric representation with pre-
trained gounding models, and predictive transformer en-
coder, which dynamically associates the object evidence for
long time-horizon action prediction. Experiments results
confirm that both modules improve the action anticipation
performance. We report competitive results on Ego4D LTA,
50Salads, and EGTEA Gaze+ benchmarks.
Acknowledgements. This work is in part supported by
Honda Research Institute and Meta Al.
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