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This supplementary material provides comprehensive
details and additional analyses to complement the main pa-
per. It is organized as follows:

Section 1: Comprehensive implementation details
including hyperparameters, training configurations, and
dataset preprocessing procedures.

Section 2: Complete experimental results on HA-ViD
and ATTACH, including additional baseline comparisons.

Section 3: Hand coordination accuracy analysis, demon-
strating our method’s superiority in modeling symmetric
and asymmetric bimanual patterns.

Section 4: Detailed explanation and performance com-
parison of single-stream adaptation strategies.

Section 5: Comprehensive computational cost analysis,
providing detailed breakdowns and fair comparisons with
baseline methods.

Section 6: Specification of fine-grained action groups
used to evaluate semantic disambiguation capability.

1. Additional Implementation Details

1.1. Detailed Hyperparameters

All experiments are conducted on a AMD Threadripper Pro
3395wx and a NVIDIA RTX A6000 GPU (48GB).

1.1.1. Stage 1: ADH-ViT Training

Table 1 presents the detailed hyperparameters for the ADH-
ViT training.

1.1.2. Stage 2: Semantic Conditioning

Table 2 presents the detailed hyperparameters for the se-
mantic conditioning stage.

1.1.3. Stage 3: Diffusion-based Action Segmentation

Table 3 presents the detailed hyperparameters for the
diffusion-based dual-hand action segmentation.
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Table 1. Detailed hyperparameters for ADH-ViT training.

Hyperparameter Value
Backbone VideoMAE V2 ViT-Base
Input resolution 224 x 224
Clip length (I¢ip) 16 frames
Tubelet size (I X p X p) 2 x 16 x 16
Embedding dimension (D) 768
Batch size per hand (B) 4
Alternation period (A) 50 steps
Total epochs 50
Optimizer AdamW
Learning rate le-3
Layer-wise LR decay 0.9
Weight decay 0.1
LR scheduler Cosine annealing scheduler
Warmup epochs 5
Data augmentation:

Mixup 0.8

CutMix 1.0

Label smoothing 0.1

Random clips per video (n¢i,) 30 (HA-ViD), 20 (ATTACH), 5 (Breakfast)

Table 2. Detailed hyperparameters for semantic conditioning.

Hyperparameter Value
Language model MiniLM-L6-v2
Semantic embedding dim (Dgep,) 384
TCN layers (M) 3

TCN channels [512, 128, 64]
TCN kernel size 3
Dilation rates [21,22,23]
Dropout 0.5
Total epochs 100
Optimizer AdamW
Learning rate 3e-4
Weight decay le-4
Batch size 8
Alignment loss weight () 0.7

1.2. Data Processing

Feature Extraction: For baseline comparisons using 13D
features, we extract features from the pre-trained I3D model
[1] on Kinetics-400 with input resolution 224 x 224 and



Table 3. Detailed hyperparameters for diffusion-based dual-hand
action segmentation.

Hyperparameter Value
Encoder layers (Lgeq) 10
Encoder channels 64
Encoder architecture Mixed Conv-Attention
Decoder layers 3
Decoder architecture Cross-attention Transformer
Feature fusion dim (D’) 256
Diffusion steps (K) 1000
Diffusion schedule Cosine
Noise scale (s4e) 1.0
Offset (9) 0.008
DDIM sampling steps (K) 5
Total epochs 1000
Optimizer Adam
Learning rate le-3
Batch size 1 (full video)
Adaptive weighting window (w) 5
Performance gap threshold (A ;) 0.95
Weight bounds ([Bmin, Bmaz]) [1.0,2.0]
Loss weights:
Encoder CE (A¢pe) 1.0
Decoder CE (Agec) 15.0
Smoothness (Ag;,) 0.15
Boundary (A\pg) 1.0

stride of 10 frames.

Action Description Construction: For each action
class, we construct structured compositional descriptions
following the format: “Action verb is [verb]; manipulated
object is [object]; target object is [target]; tool is [tool]”,
following the definitions from HR-SAT [2]. When a com-
ponent is not applicable, we use “null” as the value. The
availability of action elements varies across datasets based
on their annotation schemas: HA-ViD provides complete
annotations for all four elements (verb, manipulated object,
target object, tool); ATTACH annotations include action
verb, manipulated object, and tool (manually parsed), with
no target object component; Breakfast annotations contain
action verb, manipulated object, and target object (manually
parsed), with no tool component.

2. Additional Experimental Results
2.1. Additional Results on HA-ViD Dataset

Table 4 presents the complete results across all three view-
points (side, front, top) of the HA-ViD [3] dataset, with
additional experiments on DiffAct and FACT using MAS
features.

Results with I3D Features. Using I3D features as in-
put, our method achieves competitive performance across
all views, with the best overall accuracy in side and front
views. While performance differences with baselines are
modest, our unified dual-hand model maintains more con-
sistent performance across both hands. Furthermore, other

methods train separate models for each hand, while our
method simultaneously segments dual-hand actions using
one model.

Results with MAS Features. To ensure fair compar-
ison, we re-evaluate DiffAct and FACT using MAS fea-
tures extracted from our trained ADH-ViT (Stage 1 and 2
features). With MAS features, all methods show substan-
tial improvements over their I3D counterparts. Notably, our
method achieves the best performance across most metrics,
demonstrating that our contributions extend beyond feature
engineering. Specifically, our method outperforms FACT
with MAS by an average of 2.4 and 1.6 percentage points
for left hand (LH) and right hand (RH) respectively, and sur-
passes DiffAct with MAS by 1.7 and 2.1 points. These im-
provements validate the effectiveness of our diffusion-based
dual-hand action segmentation architecture with cross-hand
feature fusion and adaptive loss weighting.

View-wise Analysis. The front view consistently
achieves the highest accuracy (59.3% LH, 61.3% RH with
MADS), likely due to optimal visibility of hand-object inter-
actions from this perspective. Details about the multi-view
camera setup are in [3].

2.2. Additional Results on ATTACH Dataset

Table 5 presents complete results on ATTACH with all eval-
uation metrics. With I3D features, our method achieves
state-of-the-art performance across most metrics among
I3D-based approaches.

With MAS features, our method achieves substantial im-
provements to 52.8% (LH) and 47.3% (RH), outperforming
the best 13D baseline by +5.3 and +4.8 percentage points
respectively. These gains extend across all metrics: F1@10
improves by 5.0/3.4 (LH/RH) points, F1@25 by 5.5/3.8
(LH/RH) points, and F1@50 by 3.9/3.3 (LH/RH) points
over DiffAct. The consistent improvements across all met-
rics validate the effectiveness of our method.

2.3. Comparison with DuHa and DuCAS

DuHa [10] and DuCAS [11] also addressed the dual-hand
action segmentation problem. However, they rely on the
ground-truth bounding boxes of the objects. We evaluated
our method on the same HA-ViD subset as DuHa [10] and
DuCAS [11]. The results are shown in Table 6. It shows
that our method produces more temporally coherent and
balanced dual-hand segmentations, even without additional
inputs. However, integrating object cues remains a promis-
ing future direction.

3. Hand Coordination Accuracy Analysis

A core motivation for Polyphony is to effectively model
complex inter-hand coordination patterns. To directly eval-
uate this capability, we conduct a targeted analysis on HA-
ViD front-view dataset, measuring how well different meth-



Table 4. Complete results on HA-ViD dataset across all three viewpoints. For fair comparison with our MAS features, we re-evaluate
DiffAct and FACT using MAS features extracted from our trained ADH-ViT. Results show our method achieves best performance across
all viewpoints and metrics. Results for MS-TCN, DTGRM, BCN, and C2F-TCN are from the original HA-ViD paper [3]; all other methods
use official implementations under our experimental setup.

Method View  Input Left Hand Right Hand
P Acc Edit F1@10 Fl@25 F1@50 Acc Edit FI@l0 Fl1@25 F1@50
Side I3D 376 374 412 / / 31.1 325 37.4 / /

MS-TCN[4] Front I3D 352 363 38.8
Top 3D 37.1 389 404

Side I3D 385 36.5 40.9

DTGRM[5] Front 13D 385 37.2 39.0
Top I3D 404 388 40.8

Side I3D 43.1 404 437

BCNJ6] Front I3D 444 43.1 44.4
Top I3D 435 407 44.3

Side I3D 18.0 20.7 38.2 21.7 209 38.8
C2F-TCN[7] Front I3D 233 214 39.1 205 222 38.8
Top 3D 266 240 41.1 / / 254 227 39.5

Side I3D 422 344 37.1 30.9 194 434 4629 4792 40.61 27.02

DiffAct[8]  Front I3D 43.1 45.7 46.7 40.3 28.0 450 47.07 47.82 41.67 26.99
Top I3D 458 475 48.6 43.1 30.5 44.8 50.60 50.66 44.87 31.29

Side I3D 448 494 50.8 45.0 30.5 42.1 460 46.4 38.0 24.4

FACTI[9] Front I3D 447 462 483 42.0 29.1 44.1 440 47.0 39.4 26.7
Top 13D 457 46.1 51.3 42.1 29.1 452 458 49.3 434 30.1

Side I3D 46.2 465 49.8 423 290 450 451 46.4 41.8 29.1

Ours Front I3D 452 474 50.8 45.6 33.1 455 497 49.7 41.4 27.1
Top 3D 450 460 49.1 41.6 28.3 452 454 47.2 42.7 29.2

Side MAS 521 460 493 434 30.0 547 455 49.8 43.1 29.2

MS-TCN[4] Front MAS 527 452 50.6 43.7 29.1 56.7 463 50.5 43.3 30.7
Top MAS 545 488 52.0 47.2 33.7 569 474 50.3 443 30.9

Side MAS 52.1 278 29.8 26.3 18.8 553  28.1 29.7 25.4 16.8

DTGRM[5] Front MAS 543 273 31.4 26.9 18.8 569 327 36.6 31.4 22.5
Top MAS 550 418 44.4 39.5 28.7 552 398 40.7 347 24.1

Side MAS 522 51.7 525 47.5 36.7 535 514 523 46.6 37.2

BCNI[6] Front MAS 523 486 495 46.3 36.7 545 506 52.7 47.1 37.8
Top MAS 523 49.7 51.9 47.3 38.8 55.8 494 52.4 47.7 37.4

Side MAS 541 399 441 39.1 28.0 56.7 377 43.9 38.3 27.4
C2F-TCN[7] Front MAS 554 37.1 45.1 40.7 30.8 579 418 47.3 40.9 29.2
Top MAS 557 394 470 42.1 31.2 57.8 422 46.9 41.5 29.2

Side MAS 556 549 57.2 52.0 38.3 573 515 57.4 49.7 36.1

DiffAct[8]  Front MAS 542 55.1 59.6 52.7 38.9 582 533 59.9 535 38.6
Top MAS 56.3 52.6 58.3 51.5 37.2 55.8 61.2 55.8 439

Side MAS 563 52.1 58.1 50.7 39.4 58.1 522 57.2 50.9 36.6

FACTI[9] Front MAS 534 533 60.4 53.1 40.3 570 520 58.3 532 39.2
Top MAS 544 524 56.6 50.0 35.1 619 572 62.3 58.2 44.6

Side MAS 56.7 53.9 56.6 51.3 40.1 581 53.0 58.2 51.5 37.6

Ours Front MAS 593 547 61.4 56.4 42.8 61.3 55.0 63.0 56.4 41.1
Top MAS 554 525 58.4 51.3 36.0 62.5 56.5 63.4 57.5 45.2

36.7 36.2 39.3
36.1 35.6 413
359 352 37.6
388 39.6 40.5
38.7 370 412
386 363 424
413 370 44.0
44.0 407 43.7
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Table 5. Complete results on ATTACH dataset with all evaluation metrics. Our method with MAS features achieves substantial improve-
ments over all I3D-based baselines across both hands and all metrics. All baselines use official implementations under our experimental
setup.

Left Hand Right Hand

Acc Edit Fl1@10 Fl1@25 FI1@50 Acc Edit Fl1@10 F1@25 F1@50
MS-TCN[4] I3D 435 462 388 29.2 13.1 36.6 46.7 37.7 27.7 13.7
C2F-TCN[7] 13D 463 194 222 16.9 8.2 403 36.3 352 27.5 15.0
DiffAct[8] I3D 475 441 40.7 31.4 153 425 469 435 339 17.5
FACT[9] I3D 458 46.8  39.1 29.6 143  40.1 464 410 31.3 15.6
I3D 472 473 424 329 164 424 47.1 43.5 33.7 17.3
MAS 528 478 45.7 36.9 192 473 497 469 37.7 20.8

Method Input

Ours

ods predict two fundamental coordination modes that char-
acterize bimanual activities.



Table 6. Comparison with DuHa and DuCAS. Averaged perfor-
mance across three views.

LH RH
Method o FT@T0 Acc Edit FI@I0

DuHa 51.7 32.1 36.0 31.5 31.7 34.7
DuCAS 53.0 29.8 319 34.6 28.0 29.5
Ours 423 45.6 48.0 43.1 46.8 50.7

Table 7. Bimanual coordination accuracy on HA-ViD front-view.
Symmetric: both hands perform identical actions; Asymmetric:
hands perform distinct actions simultaneously. Our method out-
performs baselines in both coordination modes, with particularly
strong improvements in the more challenging different-actions
scenario.

Coordination Mode Ours DiffAct FACT
Symmetric 61.4 58.0 54.6
Asymmetric 20.5 17.4 15.8

3.1. Coordination Metrics

We define two complementary coordination scenarios based
on the relationship between left-hand and right-hand actions
at each frame:

(1) Symmetric Coordination: Both hands perform
identical actions simultaneously (including synchronized
idle states). This represents mirrored bimanual coordina-
tion, which is common in assembly tasks when both hands
manipulate the same component type. Formally, we com-
pute accuracy over frames where y-H = yltH.

(2) Asymmetric Coordination: Hands perform distinct
actions simultaneously, representing complementary coor-
dination where hands have independent functional roles.
This is common in manipulation tasks requiring comple-
mentary hand roles or concurrent parallel actions. We com-
pute accuracy over frames where y/ # yFH.

3.2. Results and Analysis

Table 7 presents coordination accuracy on HA-ViD front-
view using MAS features.

Symmetric Coordination. Our method achieves 61.4%
accuracy, outperforming DiffAct by 3.4 percentage points
and FACT by 6.8 points. This improvement validates that
our unified modeling of dual-hand actions enables more
consistent recognition of synchronized bimanual patterns.

Asymmetric Coordination. Our method achieves
20.5% accuracy, representing substantial improvements of
3.1 points (17.8% relative) over DiffAct and 4.7 points
(29.7% relative) over FACT. This larger relative improve-
ment in the more challenging different-actions scenario is
particularly significant: it demonstrates that our method ex-
cels precisely where inter-hand coordination modeling is
critical.

These results confirm that Polyphony successfully ad-

dresses its core design goal: modeling complex inter-hand
dependencies while respecting the independence of each
hand’s action. Critically, this performance is achieved
through a single unified model that processes both hands si-
multaneously, whereas baseline methods (DiffAct, FACT)
require training separate models for each hand and select-
ing the best results for comparison. The fact that our unified
approach outperforms these independent per-hand models,
particularly in the challenging different-actions coordina-
tion mode, provides strong empirical evidence for our core
hypothesis: that dual-hand action understanding benefits
from architectures that mirror human perceptual process-
ing, where bimanual coordination is perceived holistically
rather than as two independent motor streams [12].

4. Single-Stream Adaptation Strategies

Our dual-hand framework can be adapted to single-stream
temporal action segmentation through two strategies:

4.1. Strategy 1: Single-Stream Mode (Blocking)

We deactivate one hand-specific stream entirely, processing
the input video through only the left-hand (or right-hand)
stream. The model disables cross-hand feature fusion and
adaptive weighting. This strategy represents the most di-
rect adaptation but sacrifices the dual-stream coordination
mechanisms.

4.2. Strategy 2: Dual-Stream Mode

To fully utilize our dual-stream architecture, we feed iden-
tical visual input to both hand streams. We implement this
through two methods:

Method 2a: Direct Duplication. Both streams re-
ceive identical visual input and identical ground-truth la-
bels (YIH = YEH — y9t) Cross-hand fusion operates
normally.

Method 2b: Label Perturbation. Both streams pro-
cess the same visual input, but one stream (LH) receives
the original ground-truth labels while the other stream (RH)
receives temporally perturbed labels. We apply boundary-
shift perturbation to generate temporally misaligned label
sequences to enable robust learning:

1. Boundary identification: Extract all internal segment
boundaries {b;}2, from the ground-truth label se-
quence.

2. Boundary filtering: Remove boundaries adjacent to
segments shorter than minimum length L,,;, to prevent
creating invalid short segments.

3. Random selection: Randomly select up to N bound-
aries from the filtered set for perturbation.

4. Temporal shifting: For each selected boundary b;, ap-
ply a random shift A; ~ U(—K, K) frames, subject to
the constraint that resulting segments maintain a length
of at least L,,,;, frames.



Table 8. Comparison of single-stream adaptation strategies on
Breakfast dataset with I3D features. Dual-stream mode with per-
turbation mechanism achieves the best performance across most
metrics, demonstrating the benefit of controlled temporal mis-
alignment for regularization.

Strategy Acc Edit Fl1@10 Fl1@25 FI@50

Single-stream 77.8 79.2 81.3 774 67.1
Dual-stream (duplication) 782 78.9 80.8 77.2 67.4
Dual-stream (perturbation) 78.6 79.0 81.9 77.8 68.3

5. Sequence reconstruction: Generate the perturbed label
sequence Y 1 with shifted boundaries while maintain-
ing the original action class assignments.

During training, the left-hand stream uses original
ground-truth labels (YX# = Y9') while the right-
hand stream uses the temporally shifted labels (Y77 =
Perturb(Y'9%)). The perturbation is controlled by three hy-
perparameters: maximum temporal shift K (frames), max-
imum number of perturbed boundaries N, and minimum
segment length L,,;, (frames). For our experiments, we
use K = 10, N =5, and L,,,;,, = 15. At inference, pertur-
bation is closed.

Table 8 compares the above three methods on Break-
fast. Method 2b (perturbation) achieves the best overall
performance, outperforming both single-stream and direct
duplication methods on most metrics. This suggests that
controlled temporal misalignment provides beneficial reg-
ularization, forcing the model to handle temporal varia-
tions. Cross-hand fusion can leverage complementary tem-
poral contexts from differently supervised streams for more
robust predictions. Method 2a (direct duplication) shows
modest gains over single-stream (+0.4 accuracy), validat-
ing dual-stream coordination benefits even with redundant
inputs.

Main paper results (Table 3 of the main paper) use
Method 2b (label perturbation). Notably, even Strategy
1 (single-stream) achieves 77.8% accuracy, setting a new
state-of-the-art among I3D-based baselines, validating our
architecture design.

5. Computational Cost Analysis

Our method consists of three stages trained separately, each
with distinct computational characteristics and input granu-
larities. We provide detailed cost breakdowns and fair com-
parisons with baseline methods.

5.1. Detailed Computational Costs

Table 9 reports the computational costs for each stage of
our pipeline, with different reporting granularities reflecting
their distinct input characteristics.

Stage 1 (ADH-ViT): Operates on fixed-length 16-frame
clips. We report costs per clip, as this is the atomic unit
of processing. During training, approximately 46 clips are

sampled from each HA-ViD video on average (combin-
ing segment-based and random clip sampling strategies, see
Section 3.2.1 in the main paper). For dense feature extrac-
tion on untrimmed videos, we apply a sliding window with
stride-1 and symmetric padding to extract frame-wise fea-
tures for every frame, resulting in 7" forward passes for a
T-frame video.

Stages 2 & 3: Process full untrimmed videos of vari-
able length. We report costs for a representative 1227-frame
video, which is the average video length in HA-ViD. Stage 2
(semantic conditioning) aligns visual features (768D) from
stage 1 with semantic embeddings, while Stage 3 (diffusion-
based action segmentation) performs temporal action seg-
mentation on the concatenated MAS features (1227D =
768D motion + 75D action logits + 384D semantic).

5.2. Fair Comparison with Baselines

Table 10 compares the computational cost of our method
with baseline temporal action segmentation methods on a
1227-frame video (HA-ViD average length).

Our unified dual-hand model demonstrates favorable
cost-efficiency across multiple dimensions.

* Parameters: At 18.76M parameters, our model is more
compact than doubled DiffAct (23.86M) and FACT
(238.92M), though larger than lightweight MS-TCN
(1.66M) and C2F-TCN (13.58M).

* Computational cost: Our 13.35 GFLOPs inference
cost is 25% lower than DiffAct (17.96 GFLOPs) and
73% lower than FACT (50.28 GFLOPs), while achieving
+13.4/+16.2 (LH/RH) and +12.0/+16.8 (LH/RH) points
higher accuracy respectively, demonstrating that unified
dual-hand modeling is more efficient and effective than
separate per-hand approaches.

 Feature representation: When using the same Stage 3
architecture, our compact MAS features (1227D) reduce
computational cost by 8.8% compared to I3D features
(2048D) — from 14.64 to 13.35 GFLOPs — while im-
proving accuracy by +11.7/+15.4 (LH/RH) points, estab-
lishing superior cost-performance efficiency.

5.3. Feature Extraction Cost Comparison

Table 11 compares the computational cost of I3D and MAS
feature extraction (ADH-ViT + Semantic Conditioning).

For HA-ViD, I3D features are extracted using a PyTorch
implementation' with 10-frame clips. Despite having only
14% of MAS’s parameters (12.68M vs. 89.32M), I3D’s
computational cost is substantially higher because it re-
quires both RGB feature extraction and optical flow com-
putation via PWC-Net [13]. The optical flow computation
dominates the overall cost, accounting for approximately
92.8% of the total computational burden of I13D.

Ihtt ps://github.com/v-iashin/video_features
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Table 9. Detailed computational costs of our three-stage pipeline. Stage 1 processes fixed-length clips (16 frames), with costs reported per
clip; Stages 2-3 process full untrimmed videos, with costs reported for an example of 1227 frames (the average video length in HA-ViD).

Component Parameters Input Inference GFLOPs  Training GFLOPs
Stage 1: ADH-VIT Feature Extraction (per clip)
ViT-Base (per clip) 86.34M 16x224x224 157.78 473.33
Stage 2: Semantic Feature Conditioning (per video)
TCN [512,128,64] 2.98M 1227x768 3.69 11.08
Stage 3: Diffusion-based Segmentation (per video)
Encoder + Dual Decoders 18.76M 1227x1227 13.35 40.06
Total Parameters 108.08M - - -

Table 10. Computational cost comparison for a 1227-frame video (HA-ViD average length). Baselines require separate models per hand
(x2). Our Stage 3 cost is directly comparable to baseline segmentation costs when pre-extracted features are provided. I3D features:

2048D; MAS features: 1227D.

Method Parameters Input Inference GFLOPs  Training GFLOPs
Baseline Methods (separate per-hand models)
MS-TCN (I3D) 0.83M x2 1227 x 2048 1.01 x2 3.02x2
C2F-TCN (I3D) 6.79M x2 1227 x 2048 5.07x2 1522 x2
DiffAct (I3D) 11.93M x2 1227 x 2048 8.98 x 2 26.94 x 2
FACT (I3D) 119.46M x 2 1227 x 2048 25.14x2 7543 x2
Our Method (unified dual-hand model)

Stage 3 only' (I3D) 18.97M 1227 x 2048 14.64 43.93
Stage 3 only’ (MAS) 18.76M 1227x1227 13.35 40.06

T Assumes pre-extracted MAS features are provided

Per-frame, ADH-ViT is 9.84x more efficient than 13D
(9.86 vs. 97.0 GFLOPs/frame), as it operates directly on
RGB frames without requiring separate optical flow com-
putation. For a complete 1227-frame video, MAS feature
extraction (Stages 1+2: ADH-VIiT + semantic conditioning)
costs 193.60 TFLOPs, which is 6.15x more efficient than
I3D with optical flow (1,190.3 TFLOPs). This efficiency
advantage, combined with +11.7/+15.4 (LH/RH) points ac-
curacy improvement, demonstrates that MAS features pro-
vide superior cost-performance trade-offs.

6. Fine-Grained Action Groups for Semantic
Disambiguation Analysis

Our semantic conditioning is designed to distinguish ac-
tions that are visually similar but semantically distinct—a
common challenge in fine-grained action understanding. To
directly evaluate this capability, we identify 8 action groups
(43 actions total) from HA-ViD where actions within each
group exhibit similar visual patterns but differ in some se-
mantic attributes. Table 12 details these action groups. Per-
formance on these challenging actions is reported in Table
8 of the main paper.



Table 11. Feature extraction costs. I3D includes optical flow computation (PWC-Net). MAS combines ADH-ViT and Semantic Condi-

tioning (Stages 1+2).

Method Parameters

Per-Clip GFLOPs

Per-Frame GFLOPs  Full Video (1227f) TFLOPs

I3D 12.68M 970.02

MAS (Stages 1+2)  (86.34+2.98)M  157.78 (Stages 1)

97.0 1,190.21
9.86 (Stages 1) 193.60 + 0.003

Ratio (I3D / MAS) 0.14x 6.15x

9.84x 6.15%

Table 12. Fine-grained action groups used for semantic disam-
biguation analysis (Table 8 in main paper). Each group contains
actions with similar visual patterns but distinct semantic attributes.

Action Group # Actions  Semantic Distinctions

Insert Gear/Shaft 3 Insert {gear, shaft} into {shaft, gear}

Insert Placer 2 Insert {small placer, large placer} into
shaft

Screw Shaft 4 Screw {shaft} onto gear hole {1, 2} {with,
without} wrench

Screw Nut 6 Screw nut onto {shaft, nut hole 5, bolt}
{with, without} wrench

Screw Hex Screw 12 Screw hex screw into screw hole {1, 2,
3, 4} {with, without} {Hex screwdriver,
Phillip screwdriver}

Screw Phillips 4 Screw phillips screw into {gear hole 3,
hole 4} {with, without} Phillip screw-
driver

Insert Hex Screw 6 Insert hex screw into {screw hole 1, screw
hole 2, screw hole 3, screw hole 4, cylinder
bracket}

Insert Cylinder 6 Insert cylinder base, cylinder bracket,
cylinder cap into {ball set, cylinder
bracket, cylinder base, cylinder cap}

Total 43
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