














Model \ Syn-TA |

‘ Known? Unknown? Das] HM?T ‘ Known{ Unknown? Das] HM?T ‘ Known{ Unknown? Das] HM?T

ActionCLIP [57] |  88.01 38.81 49.19 5385 | 87.75
X-CLIP [41] 75.20 22.90 5229 3498 | 89.06
ViFi-CLIP [47] 69.27 19.91 4936 3079 | 88.91
EZ-CLIP[1] 89.54 24.89 64.64 3871 | 8376
FROSTER [25] 85.44 20.68 64.76 3326 | 88.93

K400-TA | SSv2-TA
41.52 4623 5620 | 59.72 25.84 33.88  36.03
48.11 4095 6237 | 6531 26.53 38.78  37.69
26.70 6221 4097 | 5213 26.28 2585  34.93
73.95 9.81 7847 | 59.83 29.73 30.09  39.70
74.11 1482 8081 | 5034 24.99 2535 3334

Table 3. Benchmark results for fine actions: Absolute drop and harmonic mean of known (FineMotion-K) and unknown (FineMotion-U)

accuracies (average of two sets) for fine motions across all datasets.

formerV2 [30], and AIM [63]. Among multimodal models,
we experimented with ActionCLIP [57], XCLIP [41], ViFi-
CLIP [47], EZ-CLIP [1], and FROSTER [25]. We also in-
vestigate how various domain generalization methods per-
form [34, 44, 64] on our datasets. Implementation details
can be found in the supplementary.

4.1. Benchmark results

We present experimental results on motion transferability
across three datasets in Tab. 2 for coarse classes and Tab. 3
for fine classes. We report the average values of the metrics
D5 and harmonic mean for both sets. Detailed results in-
cluding D,..; (relative drop) are provided in supplementary.

4.2. Analysis and insights

All models generalize high-level coarse classes poorly to
unknown contexts. As demonstrated in Tab. 2 and Fig. 1
(right), both unimodal and multimodal models show a large
drop in coarse accuracy (typical D5 0of 20% or more) from
known to unknown contexts across all datasets. AlIM per-
forms best among all models for both Syn-TA and SSv2-
TA, while being the best unimodal model for K400-TA. In
K400-TA, FROSTER is the most effective (HM) when tak-
ing both types of models into account. Rev-MVIiT reports
the lowest absolute drop in SSv2-TA and K400-TA, but it
also has a low harmonic mean in those datasets, indicat-
ing that it is not detecting known classes well either. Do-
main generalization methods also experience drop in per-
formance.

Fine motions are more difficult. For fine motions (Tab. 3
and Fig. 5), the multimodal models generally have lower
scores than coarse motions, but the drop in performance is
still substantial, indicating that they also do not generalize
well to unknown fine classes. We observe that a different
model performs best for each dataset. ActionCLIP excels
on Syn-TA while EZ-CLIP demonstrates well-rounded per-
formance across SSv2-TA and K400-TA.

Focusing purely on motion (Syn-TA) is more difficult
in an unknown setting without visual cues from scene
(K400-TA). Despite its simplified setup, Syn-TA presents
a greater challenge than K400-TA for most models, as in-
dicated by the lower harmonic mean in Tab. 2. 11 out
of the 13 models perform worse on Syn-TA, with four
(ResNet50, X-CLIP, ViFi-CLIP, FROSTER) experiencing a

drop >10%. While models perform well on CoarseMotion-
KC, they struggle with CoarseMotion-UC due to unseen
objects and backgrounds, failing to capture temporal rela-
tionships and object-scene interactions. In Fig. 7 (top), mo-
tion confusion arises when the green cylinder’s arrival is
occluded by the blue cylinder, and in Fig. 7 (middle), ris-
ing motion is mistaken for its opposite, falling, because the
frame order is not understood. This over-reliance on famil-
iar training contexts hinders generalization to new objects
and backgrounds. This issue is less pronounced in K400-
TA, where spatially dependent classes are easier to detect in
unseen contexts. By controlling objects and backgrounds,
Syn-TA purely tests a model’s motion understanding.

Drop in performance from unknown coarse to fine
motions is more rapid in low-bias setting (Syn-TA)
than real-world videos (K400-TA, SSv2-TA). In Fig. 5
for known classes, we observe minimal accuracy differ-
ences (average of 4-8%) between CoarseMotion-KC and
FineMotion-K, with models performing better on coarse
classes. For unknown classes, this gap varies: SSv2-TA
shows a 7.9% drop on average from CoarseMotion-UC
to FineMotion-U, while K400-TA sees a slightly higher
11.14%, with EZ-CLIP and FROSTER performing better
on FineMotion-U. Syn-TA exhibits the largest gap (19.1%)
due to models struggling with object tracking, motion asso-
ciation, and temporal reasoning (examples in supplemen-
tary). This leads to fine-context mispredictions despite
coarse motion understanding, along with incorrect fine-
motion associations across coarse actions, resulting in Syn-
TA exhibiting a greater performance drop than real-world
datasets, highlighting its challenge.

Poor coarse class performance doesn’t always mean
poor fine-class performance. From previous insights,
we observe that while models generally perform better
on CoarseMotion-UC than FineMotion-U, EZ-CLIP and
FROSTER deviate from this trend in K400-TA. To in-
vestigate, we examine EZ-CLIP’s predictions on unknown
coarse classes and their fine variants in K400-TA. It strug-
gles with unknown coarse classes (<30% accuracy) but
achieves over 70% on their fine variants (detailed break-
down in supplementary). This counterintuitive behavior
may stem from the model leveraging specific objects in
fine captions that are absent in coarse classes. Attention
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Figure 5. Comparison for multimodal models: Left: Syn-TA, middle: K400-TA, and right: SSv2-TA. Across all datasets, a noticeable
performance drop occurs for known to unknown fine motions (red to yellow), similar to the decline in coarse accuracy (blue to green).
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Figure 6. Effect of model size on performance: Average harmonic
mean of coarse accuracy vs. relative drop D,..;. Shape size indi-
cates model scale, and colors distinguish specific models.
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Figure 7. Example of failure cases for CoarseMotion-UC in
Syn-TA: Models misinterpret coarse motion by failing to analyze
all frames, understand their sequence, or track object appearance
changes, leading to motion misprediction.

maps in Fig. 8 show that EZ-CLIP focuses more on objects
(e.g. goat, candles) explicitly described in fine captions.
These novel scenarios introduce additional object-related
cues absent in coarse captions. Since both models retain
CLIP weights, their pretraining biases them toward object-
specific learning, leading to higher accuracy on fine classes.

Larger model size improves spatial cue detection but not
temporal understanding. Building on our previous in-
sights, we first calculate the average coarse performance of

Original
Frames

Coarse
Attention
Map

iiFine-context [
Attention §
Map

blowinglout candles

Figure 8. K400-TA: CoarseMotion-UC vs. FineMotion-U: In the
bottom attention map, brighter regions around ‘goat’ or ‘candles’
(marked by red circle) indicate that the model pays more attention
there when trained with fine descriptions instead of coarse.

Model Realistic Plain Realistic Plain
Unimodal Models Coarse motions

ResNet50 [24] 41.30 51.62 - -
13D [23] 51.17 61.18 - -
X3D [17] 71.79 73.22 - -
SlowFast [18] 61.45 72.71 - -
MViTv2 [32] 51.50 61.60 - -
Rev-MVIT [36] 47.98 50.95 - -
AlIM [63] 82.17 84.02 - -
UniformerV2 [30] 67.25 75.81 - -
Multimodal Models Coarse motions Fine motions
ActionCLIP [57] 70.27 78.21 53.85 56.48
X-CLIP [41] 61.22 65.43 34.98 36.21
ViFi-CLIP [47] 49.01 51.71 30.79 37.49
EZ-CLIP [1] 68.38 7717 38.71 51.01
FROSTER [25] 46.91 59.52 33.26 44.87

Table 4. Models perform better without the distraction of back-
grounds: Average harmonic mean of known and unknown accu-
racies (averaged across two sets) for coarse and fine motions in
Syn-TA with realistic vs. solid plain backgrounds.

all models for each dataset: SSv2-TA - 43.31%, Syn-TA
- 59.26% and K400-TA - 67.04%. SSv2-TA is the most
challenging, demanding strong temporal reasoning. Syn-
TA follows, requiring both spatial and temporal cues from
objects, background context, and motion. Models perform
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Figure 9. Examples where our approach improves the base model: (left) Syn-TA: The base model misclassifies a single object’s action
as “Merging”, failing to recognize the solitary presence. In another instance, it confuses “Merging” with “Cloning”, not discerning the
reversed sequence of similar frames. (right) SSv2-TA: The base model overlooks nuances in hand movements and object interactions,
leading to misclassifications such as “Turning” instead of “Moving”, and “Poking” instead of “Lifting”.

Base

Ours

Figure 10. A closer look at “Merging”:

The base model (top)
ignores some objects before merging, thus mispredicting action
as “Cloning”. With disentanglement and fine cues aiding coarse
detection, our approach (bottom) focuses on all objects and accu-
rately classifies “Merging”.

best on K400-TA, where classification relies primarily on
spatial features. As seen in Fig. 6, there is no clear corre-
lation between model size and performance at first glance.
Further looking into model performance on coarse classes
for each dataset (per-dataset plots in supplementary) reveals
that larger models consistently achieve better performance
in K400-TA. This highlights the advantage of increased pa-
rameters in capturing spatial information. In Syn-TA, per-
formance varies: some large models excel, while others do
not, indicating that size alone does not guarantee success in
mixed spatial-temporal tasks. Meanwhile, in SSv2-TA, no
clear pattern emerges; larger models generally perform on
par with smaller ones, indicating that parameter count does
not significantly aid in understanding temporal information.
Overall, while larger models excel in capturing spatial cues,
this advantage does not extend to temporal understanding.

Background texture confounds models, hindering their
performance. To assess the impact of background infor-
mation on model’s understanding of motions, we created
a version of Syn-TA with a solid plain background instead
of realistic scenes (examples shown in supplementary). All
training parameters were kept constant while we evaluated
the models to measure the effect of background on activ-
ity recognition. As shown in Tab. 4, the results support
our hypothesis that models rely heavily on background cues
when identifying both coarse and fine motions. With re-
duced background information, models are forced to focus

Syn-TA | K400-TA | SSv2-TA

Set Model I?IM T HMT HM T
Set 1 Base-Coarse 67.96 76.07 44.83
Ours 70.69 76.06 46.89

Set 2 Base-Coarse 68.80 74.80 44.61
Ours 72.03 75.20 47.82

Table 5. Effect of disentanglement: Comparison of baseline vs.
our proposed method for coarse motions.

more on the motion itself rather than overfitting to irrelevant
context, resulting in improved performance.

4.3. Impact of disentanglement

Tab. 5 and Fig. 9 show how our disentanglement approach
reliably corrects the base model’s mistakes. In Syn-TA,
the base model often misidentifies coarse actions due to in-
adequate comprehension of fine scene details. It mistakes
object-size changes as “Merging” instead of “Expanding”,
possibly confusing the unfamiliar object with size changes
characteristic of some “Merging” classes. In another case, it
fails to grasp temporal order confusing “Merging” (multiple
objects becoming one) with its inverse action, “Cloning” (a
single object duplicating into multiple). As seen in Fig. 10,
our model properly understands the objects involved in the
“Merging” and correctly classifies it. In SSv2-TA, the base
model confuses the motion of “Turning” with “Moving”,
and “Poking” with “Lifting”, failing to discern the nuanced
movement details of the hand. Our modified model over-
comes these challenges by better understanding scene de-
tails, aided by cues from the fine branch.

5. Conclusion

We study the generalization of action recognition mod-
els across varying contexts, revealing a persistent gap in
transferring high-level action knowledge to unseen fine-
context actions. Syn-TA proves as challenging as real-world
datasets like K400-TA, while controlled settings confirm
that models rely heavily on object and background cues,
limiting their generalization. We show that disentangling
coarse and fine actions improves recognition, particularly
in temporal datasets like Syn-TA and SSv2-TA. Our work
is intended to provide a systematic benchmark for motion
transferability.
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