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Abstract. Egocentric Al assistants seek to infer user actions and in-
tentions from long first-person videos to facilitate real-world tasks rang-
ing from daily activities to industrial operations. However, collecting
large-scale annotated egocentric videos that capture variations in ob-
jects, tools, environments and procedures is costly and impractical, mo-
tivating the need for data-efficient learning. Existing data augmentation
approaches either offer limited visual diversity through simple transfor-
mations or rely on computationally expensive generative models that
may introduce artifacts. We propose LogFA (Local-global Feature-
space Augmentation), a novel framework that performs data augmen-
tation directly in the feature space for Temporal Action Segmen-
tation (TAS). LogFA efficiently generates semantically consistent vari-
ations without pixel-level synthesis by modifying pre-extracted video
features at both local and global levels. Locally, LogFA leverages vision-
language models with a Prompt-based Feature Enhancement strat-
egy to create diverse action-level variations through text-guided feature
modifications. Globally, LogFA constructs a Generalized Directed
Acyclic Graph to model procedural dependencies and sample alter-
native action sequences. Experiments on egocentric video benchmarks
show LogFA significantly improves model generalization to unseen envi-
ronments while maintaining low computational and data collection costs.
Code will be released at https://github.com/ZijiaLewisLu/ECCV2026-
LogFA.

Keywords: Temporal Action Segmentation - Data Augmentation - Long
Video Understanding

1 Introduction

The visual perception capabilities of artificial intelligence models have advanced
rapidly in recent years. Consequently, there is growing interest in egocentric Al
assistants that perceive the world from the user’s perspective, infer their ac-
tions and intentions, and provide assistance. Such systems have broad applica-
tions, ranging from supporting users in daily activities to helping factory workers
adapt to new production procedures. They must also enable efficient inference
on edge devices such as headsets and mobile phones. To support such assistants,
Temporal Action Segmentation (TAS) aims to partition long videos into
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Fig.1: Different Data Augmentation Methods. Our LogFA generates diverse
data augmentations directly in feature space with low computational cost, whereas
conventional image transformations provide limited diversity and generative methods
incur high computational cost.

non-overlapping segments corresponding to distinct actions, enabling automatic
video analysis and a deeper understanding of human behavior and intent.

Numerous studies have introduced datasets of egocentric videos for various
procedural tasks @ However, because the same task can be performed us-
ing diverse objects, tools, procedures, and environments, most datasets include
limited variations of each task, and TAS models often experience performance
degradation when deployed in settings that are unseen during training .
This highlights the importance of data diversity. As we show in our experi-
ments, increasing data diversity is more effective than increasing data quantity
in improving model performance. However, collecting diverse videos greatly in-
creases data collection cost. This motivates the development of data augmenta-
tion methods that can synthesize diverse training examples from limited data,
enabling efficient model training in new environments with minimal data collec-
tion effort.

Conventional data augmentation methods rely on image transfor-
mations (e.g., color jittering, affine transformations, resizing) that exploit struc-
tural priors of images, such as semantic invariance to shifts or rotations, to
generate modified training samples at low cost, as shown in Figure [I} However,
such augmentations offer only limited diversity and fail to introduce meaningful
semantic spatial and/or temporal variations such as modifying object appear-
ances or scene attributes, while stronger transformations risk destroying essential
semantic information. Another line of work leverages advances in
generative models to produce richer and more meaningful data variations us-
ing pretrained image or video editing models. Although these approaches yield
greater diversity without disrupting key semantics, they incur heavy computa-
tional costs due to reliance on large diffusion-based generative models and may
introduce unintended artifacts depending on model performance.

Paper Contributions. To overcome these limitations, we propose a mnovel
Local-global Feature-space Augmentation (LogFA) framework for long egocen-
tric video understanding. Our method generates diverse augmentations directly
in the feature space, eliminating the need for pixel-level generative models while
preserving the ability to induce large, semantically consistent variations. Cru-
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cially, augmenting in feature space offers substantial computational efficiency.
TAS models are typically trained on features produced by pretrained visual
encoders rather than taking raw pixels as inputs. In contrast to generative ap-
proaches—which must first synthesize data pixels and then encode pixels with
visual encoders—LogFA bypasses both steps, producing augmented features di-
rectly with minimal computational overhead.

To achieve effective and diverse augmentations, LogFA performs modifica-
tions at both the local clip level and the global video level. For Local Aug-
mentation, LogFA generates varied executions of individual actions—e.g., by
altering the objects, tools, or their visual attributes. We demonstrate that these
feature modifications can be realized by leveraging contrastive vision-language
models (VLMs) [40,/56]. VLMs provide jointly aligned visual-textual semantic
spaces, where the features of a video and its corresponding caption are close.
LogFA leverages this property by modifying video captions to reflect desired
augmentations, and then uses enhanced textual features as efficient approxima-
tions of the visual features of the modified videos. Specifically, because the visual
and textual features of VLMSs are not perfectly aligned, we introduce a Prompt-
based Feature Enhancement mechanism to reduce the modality gap.

For Global Augmentation, LogFA generates diverse procedures to execute
a task by altering the sequence of actions. We propose a Generalized Di-
rected Acyclic Graph that models action dependencies, co-occurrences, and
repetitions of a task. During training, we sample varied action sequences from
this graph and generate video features. In both local and global augmentation,
LogFA leverages the common-sense knowledge embedded in large language mod-
els (LLMs) to automatically design augmentation strategies.

We provide extensive experiments showing that LogFA outperforms both im-
age transformation and generative data augmentation approaches on egocentric
video benchmarks, while maintaining a low computational cost. TAS models
trained with LogFA achieve strong performance especially on test videos with
large changes. We also provide ablation studies to validate our key design choices.

2 Related Works

Temporal Action Segmentation. Temporal Action Segmentation (TAS) has
been studied in unsupervised [2}9,(104/13,17,48/69], weakly-supervised |58} 12}21}-
23)|261(281/29,1411H43.[461 53] and fully supervised |1L{4}/11}/14},/16}[19}/20}/24}[25.[271/37,
4411471/50H53,/621/63}/65] settings. MSTCN [11] and subsequent works [25[/52] use a
multi-stage refinement mechanism for accurate predictions. DiffAct [27] extends
this mechanism to a diffusion process. FACT [30] establishes new SOTA via par-
allel action and frame-level temporal modeling. Beyond TAS, related long-video
understanding and tracking tasks include temporal grounding and multi-object
tracking in videos |32(34]. Meanwhile, many work [31/6}/20] have collected egocen-
tric procedural video datasets. EgoPER [20] features cooking recipes collected in
a controlled lab environment. EgoProceL 3] combines 5 datasets, thus has videos
of diverse tasks. While videos in each dataset contain variance among them, they
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are not sufficient to cover the diverse possible ways to complete a task. While
most existing TAS methods [27,/30] focus on achieving good performance on
collected videos, it is overlooked that collecting new videos is often required to
adapt models to new environments, incurring high computational costs. Moti-
vated by this, we propose LogFA as a new approach to reduce data collection
cost and improve the applicability of TAS methods to real-world scenarios.

Data Augmentation. Classical data augmentation in vision applies label-
preserving transformations to inputs, such as geometric and photometric edits
(random crop/resize, flip, rotation, color jitter, image composition, etc.) [59./61].
While effective, such transformations primarily capture low-level invariances and
often struggle to induce semantic diversity (e.g., tool substitutions, object at-
tribute changes, or contextual shifts) without risking label drift. An alternative
line of work leverages generative models to synthesize richer variations. Image-
and video-diffusion models, as well as text-conditioned editors, enable attribute-
and object-centric edits (appearance changes, background replacement, style
transfer) that better reflect distributional shifts [45,54]. Despite improved se-
mantic coverage, diffusion-based augmentation is computationally intensive, can
introduce temporal incoherence, and may yield artifacts that confound down-
stream learning, particularly when training-time generation must be repeated at
scale. Meanwhile, one thread of work [18]/55,58] aims to learn domain-specific
generations. However, these methods often struggle on model performance as
they still face the challenge of collecting high-quality video data in the desired
environment. In contrast, our LogFA method proposes to directly generate new
data in feature space using existing contrastive vision-language models. It is
capable of generating large semantic changes compared to conventional data
augmentation methods and also enjoys high efficiency compared to generative
methods. Domain adaptation methods |364/49,/66] migrate models from a source
domain to a target domain. However, they assumes access to source domain data
and cannot handle unique actions/tasks in the target domain. In contrast, our
method does not require data from a source domain and can directly generate
data in the target domain.

3 Methodology

3.1 LogFA Framework

Building a personalized and computationally efficient Al assistant often requires
a specialized TAS model tailored to a user’s unique setting, such as a specific
home, factory environment, or task procedure. To this end, we propose the
Local-global Feature-space Augmentation (LogFA) framework, which enables
training reliable TAS models from only a few videos. Furthermore, we leverage
the common-world knowledge encoded in LLMs to automate the design of our
augmentation strategy.

LogFA performs augmentation at complementary local (intra-action) and
global (inter-action) levels. For local augmentation, we modify video clips to
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Fig. 2: Local Augmentation. We leverage a multimodal LLM to generate clip cap-
tions to and diverse modifications (¢1,...,ta) that describe different variations of the
same action. We then extract the visual feature g and the textual features {fm} using
a contrastive VLM. Finally, we enhance the textual features {fm} with our Prompt-
based Feature Enhancement module and use them as approximations of the visual
features of the modified video clips.

capture different variations of executing an action, ranging from subtle appear-
ance or texture changes to larger alterations such as tool or object substitutions
and background modifications. For global augmentation, we introduce diverse
procedures for executing a task. Specifically, we construct a task graph that en-
codes dependencies, repetitions, and co-occurrences among actions, and leverage
this graph to sample varied action sequences before rearranging the correspond-
ing action segments in the video.

Overall, our training pipeline consists of two stages: (1) a feature augmen-
tation stage, which uses LogFA to generate diverse augmented features from a
few annotated videos, and (2) a TAS training stage, which trains a TAS model
using both the original and augmented features. We describe both augmentation
components in detail below.

3.2 Local Augmentation

Overview. Local augmentation requires making valid modifications to clips
without changing the action performed in the clips. As shown in Figure 2] given
a video clip v with an action label “taking out egg”, we leverage a multimodal
LLM to obtain an action-centric caption tg of v, e.g., “taking an egg out of a blue
plastic case”, which provide more detailed information about the action. Next,
we leverage a text LLM to craft M plausible variants of the action, (¢1,...,tarr),
such as changing the color of the plastic case or substituting the containers
of eggsEl Given that the clip is encoded into a visual feature using a video
encoder, an ideal augmentation approach is to edit its features. However, how
features should change by changing e.g., the color/texture of some objects or
tools is unknown. As a result, prior work often resort to changing pixels with a
generative model and then re-encoding the frames to obtain augmented features.
This incurs heavy computation cost. In contrast, we avoid pixel-level generation

1 We use a text LLM rather than a multimodal LLM for modification because we find
the former better follows prompts and generates diverse modifications. We defer
details of caption generation to the supplementary material.
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and instead propose to modify feature representations directly via contrastive
VLMs [40,/56L68].

Contrastive VLMs jointly learn a visual encoder ¥ and a textual encoder (2
with aligned output spaces. Let the visual feature of the video clip v and the
textual feature of its corresponding caption ty be denoted by

g="(), fo=102(E), (1)

where Ej represents the text embedding tokens of t;. These two features are
expected to lie close to each other. Similarly, for each modified caption t,, (e.g.,
“taking an egg out of a bowl"), its textual feature, f,, = 2(FE,,), should lie close
to the visual feature of a video clip that corresponds to the modified caption
(note that we do not have this video clip). As a zero-shot retrieval check on
EgoPER |20|, we use the visual features of video clips to retrieve their corre-
sponding captions from all clip captions in the video. This achieves 68% accu-
racy, compared with 0.13% for random guessing, indicating reliable alignment
between visual and textual features. This gives us a starting point to use textual
features of modified captions tq,...,t,, as approrimations of the visual features
of clips demonstrating the captions, skipping pixel synthesis entirely. Compared
to image transformations, this enables large and semantic-meaningful changes
while preserving action labels.

Prompt-based Feature Enhancement (PFE). While the visual feature of a
clip is more closely aligned with the textual feature of its corresponding caption
than textual features of irrelevant captions, we observe that the visual and tex-
tual features still remain separated by a non-negligible distance. Empirically, the
average cosine similarity between corresponding g and fj is 0.18, and training di-
rectly on textual features degrades performance, as we show in Section [£.2] One
important reason is that the text encoder has a short input length and the short
captions cannot capture all details of a clip (e.g., background, action-irrelevant
objects), while the visual encoder processes the full clip.

To bridge this gap, we introduce a Prompt-based Feature Enhancement method.
For each clip v, we aim to find a function 7 that transforms text captions
to improve the alignment between visual and textual features. Inspired by re-
cent works |15,/57,/67] that use prompt learning to inject new information into
prompts, we design a learning-based method. We append a sequence of learnable
embedding tokens E’U to the original embedding tokens of a caption,

7(Em) = concat(Ep, Ey),  fon = 2(1(En)), (2)

where fm denotes the new (enhanced) textual feature obtained after transforma-
tion 7. Notice that Ev is specific to the clip v. We freeze {2 and only optimize E\v
to inject the missing context into the textual features. We provide more empirical
analysis in Section [1.2]

Optimization Objectives. We optimize EU with the following two losses. First,
we design an Alignment Loss to enhance the alignment between the visual feature
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where cos(-, -) is the cosine similarity between two features.
Optimizing only Laien causes a potential issue of the model encoding all

Ealign =1- COS(]?(),Q) =1- (3)

information into E,, ignoring the original caption tokens FE,,. In such a case,
changing FE,, would not change the textual feature, defeating the purpose of
data augmentation. We therefore enforce that the semantics of E,, are correctly
reflected in 2(7(E,,)). Thus we define the Preservation Loss Lpreserve as

exp(cos(fm,fm)) o1 — co(F )
MZ S exp(cos(Fms f2)) +w(l = cos(fm, 9))|, (4)

where the first term ensures f,, = 2(T(Ey,)) is closest to its original text features
fm = 2(FE,,) and farther from the textual features f,, of other captions, hence

preserving its textual semantics. Meanwhile, as each f,, represents a modifica-
tion of the original clip and they share similarity, we introduce the second term
to keep the features near to the visual feature g. We use the weight w to control
the effect of this term. Although LogFA does not impose a hand-designed struc-
tural constraint on the augmented feature, the preservation loss anchors each
edit to both its caption semantics and the original visual feature. This implicit
constraint complements the GDAG constraint at the procedure level, which pre-
serves valid action dependencies, optionality, repetitions, and hierarchy.

Overall, the optimization objective is the summation of the two losses. We
optimize E for a fixed number of iterations and use { fm _o as features ob-
tained by the local augmentation method.

3.3 Global Augmentation

While local augmentation captures intra-action diversity, a task also has inter-
action diversity as one goal can often be achieved with flexible ordering of actions.
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Yet, with only a few training videos, a TAS model may overfit to the observed
orders. Hence, we augment videos at global level by sampling diverse, valid action
sequences of task and reassembling the action segments in a video accordingly.

Generalized Directed Acyclic Graph. A natural choice to encode the pos-
sible procedures of a task is via a directed acyclic graph (DAG), where an edge
u—v denotes action u is a prerequisite of v. Valid orders are obtained via run-
ning topological sorting on the graph. However, in real-world scenarios, there
often exist complex action patterns which DAG fails to encode, such as optional
actions, repeated actions, or contiguous routines. For example, Figure |3| (left
graph) shows the actions for an example salad task, where add sauce and add
pepper are optional actions. Actions for preparing carrots form a routine that is
generally performed together, although they can be interleaved with other ac-
tions. The routines of preparing carrot and lettuce can also be repeated multiple
times based on a user’s demand.

To accommodate those complex patterns, we therefore introduce a General-
ized DAG (GDAG) that supports: (i) flat nodes (single actions) and hierarchical
nodes (sub-GDAGs that contain multiple actions of a routine and should be ex-
ecuted contiguously), and (4i) a random variable C for each node, indicating
how many times a node/action should be repeated. Standard actions have C=1;
optional actions allow C€{0, 1}; repeated actions allow C>2. For simplicity, we
assume each C follows a uniform distribution parameterized by a lower bound ¢;
and upper bound ¢y. Figure (3] (left graph) shows the GDAG for the salad task,
where the numbers on each node show the values of their repetition parameter
(c1,¢2). It includes two optional actions and also two hierarchical nodes denoting
the two routines, while each routine can be performed repeatedly.

Augmentation with GDAG. To construct GDAG, we leverage an LLM by
providing the GDAG definition, the action list, and example sequences from
training videos as input. The LLM produces GDAG via JSON format. We pro-
vide the prompt details in the supplementary materials. Next, to sample action
sequences from GDAG, we design a simple convert-and-sample approach: (1)
We convert a GDAG to a DAG by sampling the value of C for each node, then
remove nodes with C=0 and duplicate nodes with C>1. Figure [3| (middle graph)
shows an example of the converted DAG. (2) We can easily sample an action
sequence from the DAG via a topological-sort algorithm, which involves finding
actions with no pending prerequisites and performing Breadth-First Search from
those actions. Figure [3| (right graph) demonstrates an obtained action sequence.
If the sequence contains hierarchical nodes, we sample action sequences from its
sub-GDAG and replace the node with the sequence.

With the final sequence, we cut a video into action segments and reassem-
ble the segments according to the sampled ordering. We also interpolate the
features near the action boundaries to avoid sharp transitions between actions.
GDAG generation can fail when the LLM proposes invalid dependencies or in-
accurate repetition ranges. In practice, providing training action sequences in
the prompt constrains the generated graph, while sampling repetitions at each
iteration reduces sensitivity to a single inaccurate value of C.
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3.4 Training and Inference Pipeline

Training. As explained in Section [3.1] our framework includes a feature aug-
mentation stage and a TAS training stage. In the feature augmentation stage,
we obtain the augmented features for all video clips using local augmentation
and obtain the GDAG for each task via the global augmentation method.

In the TAS training stage, we train a TAS model using the augmented data.
In each training iteration, we use the augmented clip features with a probability
ratio rq, or use the original clip features otherwise. For augmented clips, we then
randomly select a feature f,, out of the M augmentations. We further interpolate
it with the original visual feature, g, to expose the TAS model to the gradual
changes from the original feature to the modified feature (e.g., the color of the
egg plastic case shifting from blue to red),

J/C\v(‘:):aﬁn"'(l_a)f*v OéNU[O,l], (5)

where « is a random variable uniformly sampled between 0 and 1. After this
step, we re-order the video clips with a probability r5. In this case, we randomly
sample a valid action sequence from the task’s GDAG and re-order the clips
accordingly. In general, we set ri=ry to avoid over-tuning. All augmentation
models and sampled sequences are constructed solely from the training split;
test videos and features are never accessed during augmentation or training and
are used only for evaluation.

Inference. Following standard practice, we evaluate on visual clip features ex-
tracted from test videos, without any augmentation. The gains of LogFA come
entirely from richer training signals created in feature space.

4 Experiments

In this section, we provide empirical analyses to verify the effectiveness of the
LogFA framework. We first present ablations of key design choices in our method.

4.1 Experimental Setup

Dataset. We evaluate our method on popular egocentric TAS benchmarks,
EgoPER [20] and EgoProceL [3|. EgoPER features videos from five cooking
recipes. Each recipe includes videos collected from different subjects, and con-
tains both correct videos and error videos with abnormal/incorrect action exe-
cution. Overall, it has 389 videos with 57 actions. EgoProceL contains diverse
videos from five datasets. It has 16 tasks collected from different environments
and includes only videos of correct task executions. It contains 1055 videos with
130 actions. To measure the effect of data augmentation, we do not use all avail-
able training videos. For each recipe in a dataset, we sample only three videos for
training. If the dataset provides subject identities, we ensure the training videos
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| Edit F1@10 F1@25 F1@50 Acc

Base w/o DP 50.4 52.3 46.7 30.2 44.8
Base 47.1 52.7 47.5 32.2 36.7
Base + Typel 51.9 55.8 50.3 34.1 43.7
Base + Type2 53.7 56.6 51.9 35.8 44.7
Base + Type3 53.1 55.4 51.5 36.8 45.6
Base + Type4d 53.2 55.5 51.3 37.0 45.4
Base + All ‘ 55.8 57.6 53.5 38.4 45.0
Base + All (EgoVLP) ‘ 53.5 56.9 52.5 36.7 44.9

Table 1: Effect of different caption modifications and VLM backbones on EgoPER
Coffee.

are from the same subject and use videos of the other subjects for testing, thus
evaluating robustness on novel test videos.

Metrics. Following , we compute segmental Edit distance

score (Edit), segmental F1 score (F1) at three overlapping thresholds 10%, 25%,
50%, denoted by F1@{10, 25, 50} and framewise accuracy (Acc).

Implementation Details. We set ;1 = ro = 0.3 and use the state-of-the-art
model as our TAS backbone. For local augmentation, we use SigL.LIP2 as
our visual and textual backbone. While it is an image-based model, we found em-
pirically that its feature quality is better than a recent video-based encoder .
SigL.IP2 can be viewed as a video encoder with input clip length equal to 1. We
use Qwen2.5-VL-8B and Qwen3-8B as our LLMs for the local augmen-
tation method. We extract captions with a 16-frame sliding window and 8-frame
overlap at 10 fps. For each video clip, we train PFE with the Adam optimizer,
using a learning rate of le-4 for 800 iterations; the loss saturates within 700-900
iterations in 94% of cases. For generating GDAG in global augmentation, we use
GPT-50 with thinking mode. We also evaluate Qwen3-30B for GDAG generation
and find comparable results, indicating that LogFA is not tied to a closed-source
LLM. For baselines, we combine multiple image transformations, including hor-
izontal flip, rotation, grayscale, perspective change, affine transformation, and
color jittering. We found compositional methods such as MixUp often reduce
performance, as changing clip labels may create false action orderings and con-
fuse models. For the generative model, we use the latest method, Qwen-Edit ,
for its state-of-the-art image editing performance. We will release our code and
data.
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4.2 LogFA Design

We discuss the effectiveness of our local and global augmentations. Unless oth-
erwise specified, we evaluate on the coffee recipe of the EgoPER dataset.

PFE in Local Augmentation. We first examine PFE by verifying the as-
sumption that misalignment between visual and textual features is caused by
limited information in captions. Hence, we prompt the LLM to generate cap-
tions with different levels of detail, producing short, medium, and long captions
for each clip. We then compute the cosine similarity between the clip’s visual
feature and the textual features of the three captions. As shown in Figure [4]
using longer, more detailed captions improves the alignment between visual and
textual features. This shows that adding details bridges the feature gap.

Next, Figure [5| shows that PFE improves alignment between visual and tex-
tual features: we use an LLM to generate modifications for each clip, then com-
pare (1) editing the clip with a generative model and extracting its visual feature
(green square), (2) directly computing textual features of the modified captions
(orange triangle), and (3) using PFE to obtain enhanced textual features (blue
circle). We visualize the features using t-SNE [35]. We observe a clear separation
between raw textual features and visual features, indicating feature misalign-
ment. PFFE features align more closely with the visual features. To quantitatively
measure the alignment, we further train linear classifiers to distinguish (1) fea-
tures of true video clips vs. features of generated clips and (2) features of true
clips vs. features of PFE. The accuracies are 61.2% and 65.1%, respectively,
indicating that PFE features align well with true features and are comparable
in quality to generative methods. Indeed, while the cosine similarity between
textual features and visual clip features is 0.18, the similarity between PFE
features and visual features is 0.72, showing a significant improvement. Hence,
training with local augmentation achieves performance similar to using a gen-
erative model, while avoiding heavy computational cost. This analysis does not
claim that PFE features are superior to generated visual features; rather, it
shows that PFE substantially closes the gap from raw text features. We provide
more results in Section [£.3]

Caption Modification in Local Augmentation. In Table |1} we study the
effect of different ways to generate modified captions. Specifically, Base denotes
training with the three available videos and no augmentation, while Base w/o
DP further removes dropout layers. We compare four modification types: Typel
rephrases the caption without changing meaning; Type2 adds extra, unimpor-
tant information (e.g., background scene, table layout); Type3 changes the tex-
ture or color of objects; Type4 changes how an action is executed (e.g., different
objects). As shown in the second block of Table all four types outperform Base,
demonstrating the efficacy of local augmentation. Typel has a smaller effect as
it does not alter semantics but acts as textual jittering. Type2 is stronger as
it improves robustness to action-irrelevant information. Type3 and Type4 yield
the largest gains by enabling action-related semantic changes. In the last row of
the table, we test switching the VLM backbone from SigL.IP2 to EgoVLP. Using
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‘Edit F1@10 F1@25 F1@50 Acc 60

Base w/o DP |46.4 434 38.7 27.5 44.0 %
Base 459 46.6 41.1 288 44.3 €,

Base + DAG ‘46.2 461 411 288 46.1

Base + GDAG|50.9 50.4 45.4 32.2 53.0 2

1
No PT No PT PT PT PT PT
+ LogFA +LogFA  +IT +GM

Fig. 7: Few-shot Adaptation.

Table 2: Effect of Generalized DAG.

EgoVLP as the local-augmentation backbone yields scores close to SiglL.IP2, with
a small drop likely due to EgoVLP’s more specific training prompt format.

GDAG in Global Augmentation. We next study the effectiveness of global
augmentation. We compare capturing task procedures via DAG vs. GDAG on
EgoProceL,, which exhibits more complex procedural variation than EgoPER. In
Table 2] Base shows training with only three videos and no augmentation. Using
DAG fails to achieve consistent improvement across metrics because DAG only
captures action dependencies. GDAG additionally models action repetition and
co-occurrence, common in real-world videos, and improves F1@50 by 3.4%. Gen-
erating GDAGs with Qwen3-30B obtains comparable performance to GPT-50
(31.7 vs. 32.2 F1@50), supporting the reproducibility of the graph-construction
step. This validates the importance of generating diverse procedures for a task,
often ignored by image-based augmentation methods [59}/61].

Importance of Data Diversity. After validating the efficacy of both local and
global augmentations, we verify the importance of data diversity. In Figure [6]
we first compare the effect of training a base model with different numbers of
videos. The blue curve shows the results when training videos are collected from
multiple subjects, while the green curve uses videos from a single subject. As in
EgoPER, each subject has at most five videos, we use the dotted green curve to
show estimated performance when training on more than five videos of the same
subject. We observe that (1) training with three multi-subject videos has higher
performance than training with five single-subject videos; and (2) the slope of
the blue curve is much larger than the green curve. This validates that increasing
data diversity is more important than increasing data quantity.

However, collecting diverse videos is costly, as it requires recruiting more sub-
jects, purchasing varied equipment, and designing different task procedures. In
comparison, LogFA generates diverse training features with only a few videos.
In Figure [6] the two dashed lines show the performance of LogFA with only
three single/multi-subject videos. Both outperform the baseline trained with 12
single/multi-subject videos. Hence, LogFA effectively reduces annotation cost
by 75%. Furthermore, we compare using all available videos for training. LogFA
achieves F1@50 of 74.9%, while the base model using no augmentation, image
transformation, or generative methods achieves 63.1%, 63.5%, and 68.2%, re-
spectively. This shows that lack of data diversity cannot be addressed by simply
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In-Domain Videos Out-of-Domain Videos
Edit F1@{10,25,50} Acc |Edit F1@{10,25,50} Acc
Base w/o DP 76.7 76.7 72.7 59.3 65.9|62.0 64.8 60.1 45.8 56.2
Base 77.5 80.9 77.3 64.1 65.3/60.2 67.8 62.9 47.7 53.8

Base + Image Transform |79.3 82.2 78.9 66.4 67.7]62.0 69.1 64.8 50.0 55.5
Base 4 Generative Model| 80.5 82.4 79.1 67.0 69.2(63.2 69.9 65.7 51.3 56.8

Base + Local Aug 80.6 82.4 79.1 67.3 71.6]65.0 70.6 66.3 52.7 62.1
Base + Global Aug 80.8 84.5 81.1 67.4 71.3]65.2 73.2 68.6 54.3 62.9
Base + LogFA |82.8 86.1 83.0 70.7 74.0|68.6 76.0 71.9 57.0 66.0

Table 3: Performance on EgoPER dataset.

adding more data, and LogFA consistently improves performance even with full
data.

Few-Shot Adaptation. Another common setting that often encounters data
scarcity is few-shot adaptation, where a pretrained model needs to adapt to a new
task with only a few videos. Thus, we pretrain the base model with all videos on
EgoPER except those of coffee recipe, then finetune it using three videos of coffee
recipe. In Figure [7] PT, IT, GM stands for pretraining, image transformation,
and generative model, respectively. Even with pretraining, LogFA generalizes to
few-shot adaptation settings, exceeds the base model by 19%, and outperforms
other augmentation methods. This shows that LogFA is a generic augmentation
framework that can be applied to various data-scarce settings. In the remaining
experiments, for easy comparison and alleviating the impact of different pre-
training strategies, we focus on training from scratch to better demonstrate the
effect of data augmentation.

4.3 Performance on TAS Benchmark

We compare LogFA against prior augmentation methods on EgoPER and Ego-
ProceL. In Tables[3]and [5] Base uses three training videos with dropout enabled
and no augmentation; Base w/o DP removes the dropout layers.

EgoPER. Table 3| reports results on EgoPER. EgoPER includes normal videos
and error videos where tasks are deliberately executed in unusual ways. We
train on normal videos. In testing, we consider normal videos as in-domain and
error videos as out-of-domain. Some error videos contain action classes absent
in training (e.g., steps to correct mistakes); we exclude frames of those actions
in evaluation.

Training with LogFA achieves the highest performance on all metrics. Com-
pared to Base, LogFA boosts F1@50 by 6.6% on in-domain videos, reducing
data needs. More importantly, LogFA yields a larger improvement on out-of-
domain videos, with 9.3% higher F1@Q50 than Base, indicating greater diversity
in augmented training data. Image transformations fail to generate sufficiently
diverse data and yield limited gains, especially on out-of-domain videos (+2.3%
F1@50). Generative augmentation improves over image transformations by cre-



14 Z. Lu and E. Elhamifar

| Bdit F1@10 F1@25 F1@50 Acc
Base | 547 646 624 545 779

Base + Image Transform | 61.0 70.1 67.4 58.1 77.8
Base + Generative Model | 67.0 75.0 71.5 61.2 74.9

Base + LogFA ‘ 68.6 76.4 73.3 63.3 778
Table 4: Generalization to MSTCN++ on EgoPER all tasks.

| Bdit F1@10 F1@25 F1@50 Acc

46.4 43.4 38.7 27.5 44.0
45.9 46.6 41.1 28.8 44.3
46.7 48.2 44.6 32.4 46.3

Base w/o DP
Base
Base + Image Transform

Base + Local Aug 50.9 50.3 44.9 34.5 50.8
Base + Global Aug 51.9 50.4 45.4 32.2 53.0
Base + LogFA | 52.0 51.2  46.9  35.0 54.7

Table 5: Performance on EgoProcel. dataset.

ating more diverse data, but it only applies local-level modifications and remains
less accurate than LogFA.

Critically, running a generative model incurs large computational cost. A re-
cent method [58| takes ~1 minute to generate one image edit using two 40,GB
GPUs. An average EgoPER video has ~400 frames at 1 fps, demanding ~13.3
GPU-hours to generate a single augmentation for one video. Captioning and text
modification are shared by LogFA and generative baselines, taking 7.1 sec/clip
and 1.4 sec/clip, respectively. After these shared steps, LogFA operates directly
in feature space: for local augmentation, PFE takes only ~6 seconds per aug-
mentation on one GPU. Global augmentation’s cost lies mainly in generating
a GDAG with an LLM, which is computed once per task. Therefore, LogFA
achieves on-par augmentation performance with ~10x less computation time.

EgoProceL. Table [5| reports results on EgoProcel.. We evaluate on normal
videos only, as error videos are unavailable. Because EgoProcelL has more and
longer videos than EgoPER, generative augmentation would require 3480 GPU-
days, so we report only image transformation results.

Local augmentation outperforms image transformations by 2% F1@50, again
validating that PFE aligns textual and visual features, enabling us to leverage
contrastive VLMs to generate diverse clip features with enhanced textual fea-
tures. Meanwhile, global augmentation improves over Base by 3.4% F1@50 and
raises the Edit score by 6%, indicating exposure to more diverse procedures.
Combining both local and global augmentation achieves the best performance,
with F1@50 of 35.05%.

To verify that LogFA is not specific to the FACT backbone, we also evaluate
it with MSTCN++ [25]. As shown in Table [4 LogFA generalizes across TAS
models and exceeds both image transformation and generative augmentation
baselines.
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Fig. 8: Study of tokens learned by PFE.

4.4 Qualitative Results

We further study the semantics of the tokens learned by PFE. Specifically, given
a clip and its unmodified caption ¢y, we use an LLM to extract two sets of
phrases: (1) phrases whose information is captured in the caption, and (2)
phrases whose information is missed by the caption. We compare the similar-
ity between the learned tokens and these phrases. Specifically, we convert each
phrase into text embedding tokens and compute the average cosine similarity
between each learned token and the phrase tokens. As shown in Figure [8] we
visualize the similarity scores for two example clips. The similarity with the
missed phrases (orange bars) are consistently higher than those of the captured
phrases (blue bars). This also validates that PFE is able to capture the infor-
mation missing in the original captions, hence improving the alignment between
textual and visual features.

5 Conclusion

We introduced LogFA, a feature-space data augmentation framework for ego-
centric Temporal Action Segmentation that combines local text-guided edits via
Prompt-based Feature Enhancement (PFE) with global procedural diversifica-
tion via a Generalized DAG (GDAG). By operating directly in feature space,
LogFA produces semantically rich variations without pixel-level synthesis, yield-
ing substantial gains in generalization to unseen environments at a fraction of the
computational cost of generative approaches. Extensive experiments on EgoPER
and EgoProcel. validate that both components contribute complementary im-
provements and that their combination achieves state-of-the-art performance un-
der low-data settings. While our experiments focus on egocentric data, LogFA
is not specific to viewpoint; evaluating third-person TAS benchmarks such as
50Salads, Breakfast, and GTEA is an important direction for future work.
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