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A Dataset: Chirality in Action (CiA)8

Metadata and examples. In Table A.1, we show the chiral groups constructed in SSv2. Similarly,9

we construct 66 chiral groups in EPIC and 28 groups in Charades. In Table A.2, we show the number10

of videos in the chiral splits of each of the three datasets. We attach the chiral splits for all three11

datasets as part of the Supplemental. We also provide a single CSV file that includes the chiral groups12

for all three combined data sets. We also show more examples of chiral pairs from each of the three13

datasets in Fig. A.1, Fig. A.2 and Fig. A.3. In general, since SSv2 has single canonical actions, it is14

a cleaner test bed for chiral action recognition. EPIC and Charades usually have a more cluttered15

visual context where cues for chiral recognition are more subtle.16

Time-sensitivity of CiA. In Fig. A.4 and Fig. A.5, we repeat the experiments to check time-17

sensitivity (Fig 5 in the main paper) of the CiA benchmark on all three datasets. Our inferences about18

time-sensitivity hold for all three datasets.19
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Verb→ Verb← Noun (object)
Pulling [something] from left to right Pulling [something] from right to left [’something’]
Pushing [something] from left to right Pushing [something] from right to left [’something’]
Turning the camera left while filming [...] Turning the camera right while filming [...] [’something’]
Approaching [something] with your camera Moving away from [something] with your camera [’something’]
Closing [something] Opening [something] [’object’]
Closing [something] Opening [something] [’door’]
Closing [something] Opening [something] [’bottle’]
Closing [something] Opening [something] [’book’]
Closing [something] Opening [something] [’purse’]
Closing [something] Opening [something] [’drawer’]
Moving [...] and [...] away from each other Moving [...] and [...] closer to each other [’something’]
Moving [something] away from the camera Moving [something] towards the camera [’something’]
Moving [something] down Moving [something] up [’something’]
Putting [something similar to other things ...] Taking [one of many similar things on the table] [’something’]
Turning the camera downwards while filming [...] Turning the camera upwards while filming [...] [’something’]
Folding [something] Unfolding [something] [’something’]

Table A.1: Chiral groups in SSv2. We construct 16 chiral groups in SSv2 by identifying temporally
opposite verbs. Note that “opening vs. closing” is split across different objects representing entirely
different actions. Noun “[‘something’]” denotes a placeholder which can include any appropriate
object that fits with the action verb.

Dataset Chiral groups Total videos Avg. videos per chiral group Avg. duration (s)
Train Validation Train Validation

SSv2 16 12216 1430 763.5 89.4 3.6
EPIC 66 24101 3108 365.1 47.1 1.6
Charades 28 16018 5498 572.1 196.4 8.6

Table A.2: CiA dataset size. For each of the constituent datasets, we show the total number of videos
in the proposed chiral split and also the average number of videos per chiral group. Note that we train
one linear probe for each chiral group.

Figure A.1: CiA samples from SSv2. More examples of chiral pairs from the train set of SSv2. The
positive direction actions are marked in blue while the negative direction ones are marker in red.
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Figure A.2: CiA samples from EPIC. More examples of chiral pairs from the train set of EPIC. The
positive direction actions are marked in blue while the negative direction ones are marker in red.

Figure A.3: CiA samples from Charades. More examples of chiral pairs from the train set of
Charades. The positive direction actions are marked in blue while the negative direction ones are
marker in red.
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Figure A.4: Time-sensitivity of CiA: Part 1. We repeat the experiment shown in Fig 5 (a)/(b) of
the main paper for all datasets. Rows represent datasets while columns represent different properties
of the task. (a) A single-frame baseline tends to do well on frames at the end of the video sequence
since those usually encode either the start or end state of the action. (b) A two-frame baseline usually
does best if the frames are picked at the two ends of the video. (c) As more frames are considered in
the context, accuracy on chiral action recognition improves. Overall, these demonstrate that chiral
action recognition is time-sensitive: it benefits predictably from more frames, especially at the ends.
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Figure A.5: Time-sensitivity of CiA: Part 2. We repeat the experiment shown in Fig 5 (c) of the
main paper across all three datasets. We show that time-insensitive pooling of per-frame features
(e.g., average pooling) leads to much worse performance that with time-sensitive pooling (e.g.,
concatenation) on chiral action recognition. Note that all the pooling methods considered are non-
parametric. This demonstrates the time-sensitivity of chiral action recognition since incorporating the
time order of frames substantially improves performance.
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Figure B.1: LIFT architecture details. The encoder takes in a sequence of DINOv2 features and
outputs a video descriptor disentangled into static and dynamic vectors. The decoder reconstructs the
feature sequence with linearity baked in the latent space.

B Model: Linearized Feature Trajectories (LiFT)20

Architecture. A detailed sketch of the architecture is provided in Fig. B.1. In LiFT, the Encoder21

takes in a sequence of features {xt}t and outputs two descriptor tokens zs, zd. First, a linear layer22

projection is applied RD → Rd. Then, Sinusoidal position encoding is added representing frame23

index t. The two CLS tokens es, ed are initialized randomly. Then, the CLS tokens along with the24

sequence tokens are passed through a Transformer with L=4 blocks and H=8 heads each. Each25

block has a multi-head self-attention (MHSA) layer followed by a FFN layer. Both the layers are26

preceded by LayerNorm layers. Then, the outputs for the two CLS tokens are projected with a linear27

layer (Rd → Rd) followed by LayerNorm. This gives the latent descriptors zs and zd.28

The decoder takes in zs, zd, t and outputs x̂t. First, we construct an intermediate representation for29

the frame at index t using our linearity constraint in the latent space.30

zt = zs + (t/T ).zd (1)

Then, this is passed to an MLP network with two hidden layers each followed by GeLU activation31

and LayerNorm. The first hidden layer maps Rd → R2d and the second layer maps R2d → R2d.32

This is followed by a linear projection (R2d → RD) back to the DINOv2 space.33

Compute resources. In order to train LiFT, we first compute and store feature vectors for DINOv234

ViT-S/14. This feature computation is run on 4 NVIDIA RTX A4000 16GB GPUs in parallel. It35

takes about 12 GPU hours to compute features for 250K videos in Kinetics-400. Once features are36

computed, LiFT is trained on a single consumer-grade GPU (e.g., NVIDIA RTX A4000, Tesla P40,37

Quadro RTX 8000, NVIDIA RTX A6000). A single training run takes about 15 GPU hours.38
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C Experiments39

C.1 Setup details40

Details for chiral action recognition. To benchmark a given video model for chiral action recog-41

nition, we require a single descriptor vector for a video. There are two important details here: (i)42

input processing pipeline: Different methods differ in the way they sample frames, apply cropping43

operations, etc. (ii) pooling: existing methods [1, 8, 2] usually only represent short clips (sequence44

of frames with a fixed stride), so we need a way of pooling clip-level descriptors into a video-level45

descriptor. For (i), we follow the data pipeline for each model as provided. For (ii), depending on the46

method, we either average pool per-clip representations following [5] (e.g., for VideoMAEv2 [9]) or47

concatenate them (e.g., for 3D ResNet methods like TCLR [2]), or we hand-craft a pooling mechanism48

(e.g., averaging spatial tokens for each frame and concatenating across time for InternVideo2.5 [10]).49

Investigating a general pooling method that gives more time-aware descriptors is an avenue we50

leave for future work. For image-based model, we sample T frames linearly and simply concatenate51

per-frame features to represent the video.52

Details for standard action recognition. For the experiments with probing video models [4, 8, 11]53

with LiFT, we sample a single clip of T=16 frames with a stride of s=4, resize the short side and54

center crop to (224, 224). Since VideoMAE, VideoJEPA and InternVideo2.5 all produce a sequence55

of space-time tokens without any global CLS token, we compute the average of all tokens to represent56

the video in case of linear/non-linear probing. Then, we concatenate the LiFT descriptor with this57

descriptor and train a classifier head on top to output the action class. In case of linear probe, the58

classifier head is a linear layer. In case of non-linear probing, it is a two layer MLP with 512 hidden59

dimensions with ReLU non-linearity and Dropout of 0.1. In case of an attentive probe, following [1],60

we train a single attention layer with a learnable query to pool the space-time tokens into a single61

descriptor. Then, LiFT is concatenated with the query vector and a linear classifier layer is added on62

top of the concatenation. We train the probe for 100 epochs using Adam optimizer with learning rate63

of 1e−5 and LRPlateau scheduler.64

C.2 Additional Ablations65

Varying the latent dimension d. In Tab. 3(a), we vary the latent dimension of the Encoder in LiFT.66

While the number of parameters increases with d, we find that with d = 384, LiFT achieves the best67

performance while still being compact and containing only 8.7M parameters. Note that we do not68

account for the fixed DINOv2 parameters (22.1M) in this experiment.69

Varying the amount of training data. In Tab. Appendix C.2 (b), we vary the amount of training70

data used to train LiFT with the unsupervised reconstruction loss. We fix the latent dimension to be71

d = 384 and note that the model capacity is fixed. For each row, we run the experiment with three72

different random seeds and report the average and standard deviation in accuracy. Surprisingly, even73

with 10% of the data, LiFT gets to 83.3% accuracy. With increasing data samples, the mean accuracy74

increases marginally. We hypothesize that this is due to two reasons. (i) The model size remains fixed75

(8.7M) and may not have the capacity to significantly benefit from more samples, (ii) since Kinetics-76

400 is known to be biased to static understanding (single frame or unordered set of frames [3, 6]),77

for videos with little visual change, reconstructing the per-frame feature trajectories may not have78

sufficient signal to inform LiFT. This experiment raises some interesting research questions. Is it79

possible to achieve time-sensitive video representations by training on selected, temporally hard80

samples only? Is using synthetic data with hand-crafted temporal patterns sufficient [7, 12]? We81

leave these questions for future work.82

Dataset Accuracy (%)
SSv2 86.1 ± 0.3
EPIC 76.5 ± 0.8
Charades 70.3 ± 0.6

Figure C.1: Error bars for LiFT. Mean ±
standard deviation of accuracy across five
random seeds. LiFT remains fairly stable
and the error bars emphasize the difference
between LiFT and other video models.

Error bars. To compute error bars, we train LiFT83

on Kinetics-400 with five different random seeds. The84

training configuration is kept constant across all runs85

except the change in seed. Then, we evaluate the86

trained models on our main task: chiral action recog-87

nition as described in the main paper across the three88

datasets, SSv2, Charades and EPIC-Kitchens. We re-89

port the mean and standard deviation in accuracy in90
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Latent dim d Accuracy Parameters (M)
192 85.9 2.3
256 85.8 4.0
384 86.6 8.7
512 84.9 15.3

(a) Varying the latent dimension d of Encoder.

Data frac. Accuracy
0.1 83.3 ± 0.1
0.2 84.4 ± 0.2
0.4 85.9 ± 0.4
0.6 85.6 ± 0.6
0.8 85.8 ± 0.8
1.0 86.2 ± 0.4

(b) Varying the % train data.

Table C.1: Ablations. Both ablations are conducted on the chiral subset of SSv2. In (a) we vary the
latent dimension of the LiFT encoder. We find the best performance with d = 384. In (b), we vary
the amount of training data (Kinetics-400) used to adapt LiFT. The given % is uniformly randomly
chosen from the entire dataset. Surprisingly, even with 10% of the data, LiFT gets to 83% accuracy.
We hypothesize that at fixed model capacity, scaling up to more samples gives diminishing returns.

Fig. C.1. The table illustrates these results, highlight-91

ing the consistency of the model’s performance.92

C.3 Qualitative results93

In Fig. C.2, we show more examples with tSNE em-94

beddings of the LiFT reconstructed feature trajectories. In most cases, LiFT reconstructs a smoother,95

continuous approximation of the original trajectory. Note that the original trajectory points seem more96

scattered than they actually are because tSNE optimizes for local neighborhood distances, which are97

dominated by closeness of points in the reconstructed trajectory. In case of Fig. C.2(f), we observe98

a divergence between the true and reconstructed trajectories. In this case, the model likely fails to99

capture the (subtle) visual change which likely causes zd to be inaccurate leading to the discrepancy.100
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(a) Folding cloth [SSv2] (b) Opening drawer [SSv2] (c) Closing a book [SSv2]

(d) Close fridge [EPIC] (e) Enter room [TSH] (f) Sit down [TSH]

Figure C.2: More qualitative samples of reconstructed features. We show tSNE embeddings of
original and reconstructed features for six videos. The red circles represent original features while
blue squares represent reconstructions. Gradient of the color encodes the frame index (time). In
general, LiFT tends to output a smooth, continuous approximation of the original feature trajectories
in DINO space. (f) is an example failure case where the static token seems reasonable but the direction
token is inaccurately predicted causing the direction of original and reconstructed trajectores to differ.
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