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Figure 1. Given start and goal visual states, a neural model com-
putes step-wise emissions. We propose a Differentiable Viterbi
Layer that uses a Procedural Knowledge Graph (PKG) to decode
emissions into a predicted plan. The layer allows gradients from
the planning Loss (L) to flow and train the neural model end-to-
end, forcing it to learn structure-aware visual representations.

In this supplementary material we provide more details
about our method (see Figure 1) and the experimental setup.
We point to each footnote in the main paper with the follow-
ing notation: (fn x) where x is the footnote number in the
main paper.

1. Method

1.A. Problem Formulation (fn 1)

Marginalizing the initial latent action a0. We consider a
latent action sequence a0:T = (a0, a1, . . . , aT ) and a corre-
sponding sequence of observed visual states v0:T = (vs =
v0, v1, . . . , vT = vg). Under the first–order Markov as-
sumption, the model is factorized into independent transi-
tion and emission components. The joint distribution over
latent actions and visual observations is therefore:

P (a0:T , v0:T ) = P (a0)P (v0 | a0)
T∏

t=1

P (at | at−1)P (vt | at).

(1)
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Our objective is to infer the posterior distribution over
the latent plan π = a1:T given the full sequence of visual
observations. Using Bayes’ rule and marginalizing the un-
observed initial action a0, we obtain:

P (a1:T | v0:T ) =
∑

a0∈K P (a0:T , v0:T )

P (v0:T )

∝
∑
a0∈K

P (a0)P (v0 | a0)
T∏

t=1

P (at | at−1)P (vt | at),

(2)

where K denotes the discrete action set. Only the terms in-
volving a0 depend on the marginalization, and all other fac-
tors remain unaffected. It is therefore convenient to group
the contributions of a0 into an effective prior over the first
action a1. For any action class Kj ∈ K, we thus have:

P (a1 = Kj | v0) ∝
∑
a0∈K

P (a0)P (v0 | a0)P (a1 = Kj | a0).

(3)
However, in practice, the quantity P (a0)P (v0 | a0) can-

not be estimated directly because the initial action is unob-
served and the model lacks supervision for this term. Fol-
lowing common practice, we thus assume a uniform prior
over the first action a1. Under this assumption, all struc-
tural information at t = 1 is captured by the emission term
P (v1 | a1). Substituting this simplification into Eq. (2), the
posterior becomes:

P (a1:T | v0:T ) ∝
T∏

t=1

P (at | at−1)P (vt | at), (4)

which is the quantity whose maximization yields the most
probable latent plan.

1.B. Viterbi Algorithm
The Viterbi algorithm [11] is a dynamic programming
method for computing the most likely sequence of latent
states in a Hidden Markov Model (HMM). Given (1) a set
of N discrete states K = {K1, . . . ,KN}, (2) transition
probabilities P (at | at−1), and (3) emission probabilities
P (vt | at), the goal is to find the most probable sequence of
hidden actions a1:T that explains the observations v1:T .
Objective. The algorithm maximizes the posterior Eq. (4)
as follows:

π∗ = argmax
π=a1:T∈KT

T∏
t=1

P (at|at−1)︸ ︷︷ ︸
Transition

P (vt|at)︸ ︷︷ ︸
Emission

. (5)

Dynamic programming recursion. To efficiently com-
pute (5), Viterbi stores: (1) state scores δt(j), the best score

of any path ending in state Kj at time t; (2) backpointers
ψt(j), the most likely predecessor of Kj . Since no prede-
cessor exists at t = 1, initial scores depend only on emis-
sions:

δ1(j) = P (v1 | a1 = Kj), j = 1, . . . , N. (6)

For each time step t > 1 and each state Kj , Viterbi com-
putes:

δt(j) =

P (vt | at = Kj)·
max

i∈{1,...,N}
[δt−1(i)P (at = Kj | at−1 = Ki)] ,

(7)

ψt(j) = argmax
i∈{1,...,N}

[δt−1(i)P (at = Kj | at−1 = Ki)] .

(8)

The max operator ensures that only the best predecessor
state contributes to the score.

Backtracking. Once δT is computed, the final state is
chosen as follows:

a∗T = argmax
j
δT (j), (9)

and the full optimal plan is reconstructed by tracing back
the stored pointers:

a∗t = ψt+1(a
∗
t+1), t = T − 1, . . . , 1. (10)

Interpretation. The Viterbi algorithm guarantees:
• Optimality: the returned sequence maximizes the poste-

rior probability;
• Efficiency: complexity O(TN2) instead of exponential

search O(NT );
• Modularity: transitions and emissions contribute sep-

arately, matching the probabilistic factorization used in
Eq. (5).

Connection to our formulation. In our framework emis-
sions are predicted from visual encodings, and transitions
come from the Procedural Knowledge Graph (PKG). This
correspondence makes Viterbi a natural decoding algorithm
for procedural planning. However, its max and argmax op-
erations prevent end-to-end learning, motivating the intro-
duction of our Differentiable Viterbi Layer (DVL), which
replaces these operators with smooth relaxations follow-
ing [7].

1.C. Differentiable Viterbi (fn 5)
Smooth max and soft argmax operators. Let x ∈ RN

be a generic score vector, we define the following smooth
max (log-sum-exp) and soft argmax (softmax) operations



which aim to extract from x a max-like value and a distri-
bution over indexes corresponding to entries closer to the
maximum value in a differentiable fashion:

S-max(x) = log

(
N∑

k=1

exp(xk −m)

)
+m (11)

S-argmax(x)k =
exp(xk −m)∑N
j=1 exp(xj −m)

(12)

where m = max(x). Intuitively, S-max(x) returns a value
close to m, while remaining differentiable in all compo-
nents of x. The S-argmax corresponds to the standard soft-
max function, producing a probability distribution over in-
dices that reflects their relative proximity to the maximum.
Differences with respect to [7]. Our Differentiable
Viterbi Layer (DVL) builds on the general framework of
differentiable dynamic programming proposed by Mensch
and Blondel [7], but differs in several important respects.
First, while [7] introduced a unified approach to smooth-
ing dynamic programs and enabled end-to-end training of
both transition and emission potentials, our DVL does not
introduce new trainable parameters: transition probabilities
are fixed by the procedural knowledge graph (PKG), and
emission probabilities are provided by upstream modules.
Second, we explicitly introduce soft backpointer distribu-
tions and their recursive composition into a soft plan, which
serves as a differentiable analogue of the discrete Viterbi
backtrace. In summary, our contribution is a re-designed
decoding-only layer that leverages fixed structural knowl-
edge to produce differentiable plans, enabling gradient flow
through decoding without learning dynamic programming
parameters.

1.D. Visual Encoding (fn 5)
Following prior work, we employ S3D [13] as our visual
backbone to extract spatiotemporal features from start and
goal video states. The resulting representations are then
passed through a learned projection layer, which adapts the
backbone features to the dimensionality required by our
planning model.

1.E. Training (fn 6)
ViterbiPlanNet is trained end-to-end by minimizing a com-
posite loss function L defined as a sum of three distinct loss
components with equal weights.
Visual-Semantic Alignment Loss (Lalign). To encourage
the model to learn a structured state space, we align vi-
sual representations with textual descriptions of their cor-
responding procedural states as in [9]. Following the idea
of SCHEMA [9], for each action in the vocabulary we ob-
tain a set of natural language descriptions of its before-state
and after-state using the same prompt and model used in

SCHEMA [9]. We denote this set of descriptions as A.
These descriptions capture discriminative object attributes
(e.g., “the pan has no onion on it” before add onion).

Formally, given the encoded start state vencs , the goal
state vencg , and a textual description d ∈ A encoded by a
frozen language model into an embedding denc, we com-
pute cosine similarities between the visual embeddings and
all candidate textual descriptions:

sim(vencs , denc) =
vencs · denc

∥vencs ∥∥denc∥
, (13)

sim(vencg , denc) =
vencg · denc

∥vencg ∥∥denc∥
. (14)

During training, the positive samples are the textual descrip-
tions corresponding to the ground-truth first action’s before-
state (for vs) and the ground-truth last action’s after-state
(for vg). All other descriptions act as negatives. We adopt
a contrastive cross-entropy loss as in [9], which encourages
the visual embeddings to be close to their correct textual
descriptions while being far from incorrect ones:

Lalign =

− log
exp(sim(vencs , denc+ ))∑

d∈A exp(sim(vencs , denc))

− log
exp(sim(vencg , denc+ ))∑

d∈A exp(sim(vencg , denc))
. (15)

where denc+ denotes the encoding of the positive samples.
This objective explicitly grounds the visual encoder in the
semantics of procedural states, ensuring that the learned vi-
sual features capture the causal state changes relevant to the
procedure.
Task Classification Loss (Ltask). Let Ntasks denote the
total number of possible tasks in the dataset. We repre-
sent the ground-truth task label as a one-hot vector c ∈
{0, 1}Ntasks , where cn = 1 if the procedure belongs to class
n and 0 otherwise. As shown in the architecture, the auxil-
iary Task Head takes the encoded visual features (venc

s , venc
g )

as input and outputs a prediction vector ĉ ∈ RNtasks , where
ĉn is the predicted score for class n (for simplicity ĉ is not
labeled in the figure and is simply depicted as a square be-
fore Ltask). This auxiliary prediction provides contextual
information that implicitly guides the planning process.

To train the Task Head, we minimize the Mean Squared
Error (MSE) between the predicted scores and the one-hot
ground-truth labels:

Ltask =
1

Ntasks

Ntasks∑
n=1

(
ĉn − cn

)2
. (16)

Planning Loss (Lplan). The central objective of our
framework is to learn to generate the correct sequence of ac-
tions. The final output of the Structured Decoding module,



Table 1. Ablation of Viterbi components on CrossTask for T ∈
{4, 5, 6}.

Train Inference Metrics (%) ↑
DVL DVL VD SR mAcc mIoU

Horizon T = 4

1 × × × 18.93 ± 0.58 55.12 ± 0.46 79.87 ± 0.26

2 × × ✓ 18.64 ± 0.75 55.00 ± 0.38 79.78 ± 0.18

3 × ✓ × 21.54 ± 0.50 53.19 ± 0.46 79.90 ± 0.28

4 × ✓ ✓ 19.92 ± 0.18 52.09 ± 0.43 79.78 ± 0.34

5 ✓ × × 6.13 ± 0.31 44.71 ± 0.13 69.70 ± 0.56

6 ✓ × ✓ 23.46 ± 0.20 57.13 ± 0.35 81.05 ± 0.38

7 ✓ ✓ × 24.30 ± 0.66 56.42 ± 0.10 80.93 ± 0.48

8 ✓ ✓ ✓ 24.64 ± 0.30 57.00 ± 0.42 81.18 ± 0.44

Improvement w.r.t. conf. 1 5.71 ± 0.64 1.88 ± 0.61 1.31 ± 0.52

Horizon T = 5

1 × × × 10.21 ± 0.08 50.49 ± 0.64 77.49 ± 0.44

2 × × ✓ 9.89 ± 0.08 50.44 ± 0.59 77.42 ± 0.44

3 × ✓ × 13.32 ± 0.26 48.64 ± 0.51 77.70 ± 0.37

4 × ✓ ✓ 12.27 ± 0.19 47.78 ± 0.63 77.51 ± 0.28

5 ✓ × × 1.77 ± 0.31 38.57 ± 0.58 65.48 ± 1.08

6 ✓ × ✓ 14.86 ± 0.36 53.63 ± 0.16 79.58 ± 0.23

7 ✓ ✓ × 15.69 ± 0.55 52.07 ± 0.40 79.18 ± 0.33

8 ✓ ✓ ✓ 15.97 ± 0.17 53.30 ± 0.29 79.56 ± 0.27

Improvement w.r.t. conf. 1 5.76 ± 0.18 2.81 ± 0.71 2.07 ± 0.54

Horizon T = 6

1 × × × 4.70 ± 0.40 45.73 ± 0.91 76.15 ± 0.33

2 × × ✓ 4.48 ± 0.30 45.61 ± 1.10 76.02 ± 0.33

3 × ✓ × 7.59 ± 0.32 43.66 ± 0.79 76.19 ± 0.24

4 × ✓ ✓ 7.20 ± 0.26 43.12 ± 0.67 76.17 ± 0.22

5 ✓ × × 0.50 ± 0.19 33.12 ± 0.75 61.08 ± 1.96

6 ✓ × ✓ 9.18 ± 0.26 49.71 ± 0.36 78.17 ± 0.17

7 ✓ ✓ × 9.99 ± 0.22 48.06 ± 0.37 77.58 ± 0.25

8 ✓ ✓ ✓ 10.37 ± 0.22 49.25 ± 0.54 78.01 ± 0.21

Improvement w.r.t. conf. 1 5.67 ± 0.43 3.52 ± 1.00 1.86 ± 0.40

π̃ ∈ RT×N , represents the refined score distribution over all
N possible actions at each of the T time steps. We super-
vise these predictions against the one-hot encoded ground-
truth plan π̃GT ∈ {0, 1}T×N , where π̃GT [t, n] = 1 if the
ground-truth action at time step t is Kn ∈ K and 0 other-
wise. The Mean Squared Error (MSE) loss is then defined
as:

Lplan =
1

T

T∑
t=1

(
π̃t − π̃GT

t

)2
. (17)

Minimizing Lplan encourages the model to produce action
distributions that closely match the target one-hot plan.
With this the model learns accurate procedural sequences
while being constrained by the structural priors encoded
in the Procedural Knowledge Graph, which are enforced
through the Differentiable Viterbi layers.
Overall Objective. The final training loss is a sum of the
three components with equal weights:

L = Lplan + Lalign + Ltask. (18)

2. Experiments and Results
2.A. Discussion on mIoU metric
As discussed in MTID [16], the definition of mIoU varies
across the literature. The conventional set-based formula-
tion treats each sequence as an unordered set of unique ac-
tions:

mIoUset =
100

N

N∑
i=1

|π̃i ∩ π̃GT
i |

|π̃i ∪ π̃GT
i |

, (19)

where π̃i and π̃GT
i denote the predicted and ground-truth

actions for sequence i, and N is the number of sequences.
While this formulation captures the overall action coverage,
it ignores temporal order and repeated actions. This limita-
tion can lead to inflated scores in procedural settings where
sequence structure and frequency of actions are crucial
(e.g., the action “stir mixture” may occur multiple times).

To address this limitation, we adopt the element-wise
(mask-based) IoU formulation introduced in SCHEMA [9].
In this variant, the IoU is computed independently for each
sequence by comparing the predicted and ground-truth bi-
nary masks along the temporal dimension:

mIoUmask =
100

N

N∑
i=1

∑T
t=1

[
π̃i,t ∧ π̃GT

i,t

]∑T
t=1

[
π̃i,t ∨ π̃GT

i,t

]
+ ε

, (20)

where π̃i,t and π̃GT
i,t denote the predicted and ground-truth

action for sequence i at time step t, ε is a small constant
for numerical stability, and [·] is 1 if the logical operation
between π̃i,t and π̃GT

i,t is true.
Unlike the set-based IoU, this element-wise metric pre-

serves both temporal order and action frequency, offering a
more faithful evaluation of sequence prediction, especially
in tasks where ordering and repetition are essential.

2.B. Bootstrap Procedure for Statistical Signifi-
cance (fn 6)

Bootstrap Confidence Intervals for Single-Model Esti-
mates. To report uncertainty for each model, we com-
pute a bootstrap confidence interval over the scores ob-
tained from the multiple training seeds. For a given metric
(SR, mAcc, or mIoU) and a fixed planning horizon T , let
{x1, . . . , xn} denote the scores obtained from n different
seeds. The empirical mean is defined as:

x̄ =
1

n

n∑
i=1

xi. (21)

To estimate the uncertainty around x̄, we perform K boot-
strap resamplings (with K = 102 in all experiments). Each
bootstrap replicate is constructed by sampling with replace-
ment from the original set:

X∗ = {x∗1, . . . , x∗n}, x∗i ∼ {x1, . . . , xn}. (22)



For each bootstrap sample, we compute its mean:

µ∗
k =

1

n

n∑
i=1

x∗i , k = 1, . . . ,K. (23)

The distribution of the bootstrap means {µ∗
k}Kk=1 is then

used to estimate a 90% confidence interval by taking the
5th and 95th percentiles:

CI90 =
[
µ∗
(5%), µ

∗
(95%)

]
. (24)

In the tables, each metric is reported in the form x̄ ± CI,
where CI = µ∗

(95%)−µ
∗
(5%) is the confidence interval width.

Comparison between two models. To quantify whether
the performance differences between two models are sta-
tistically significant, we employ a non-parametric bootstrap
procedure over the five different training seeds used for each
experiment. Let A = {a1, . . . , an} and B = {b1, . . . , bn}
denote the seed-level scores (e.g., SR, mAcc, mIoU) for two
models, with n = 5. The observed difference in means is
defined as:

∆obs =
1

n

n∑
i=1

ai − 1

n

n∑
i=1

bi. (25)

To assess its reliability, we generate K = 103 bootstrap
replicates. Each replicate samples (with replacement) the
sets:

A∗ = {a∗1, . . . , a∗n}, B∗ = {b∗1, . . . , b∗n}, (26)

where a∗i ∼ A and b∗i ∼ B. For each pair of resampled sets,
we compute the bootstrap difference

∆∗
k =

1

n

n∑
i=1

a∗i − 1

n

n∑
i=1

b∗i , k = 1, . . . ,K. (27)

The empirical distribution of {∆∗
k}Kk=1 is used to obtain a

90% confidence interval:

CI90 =
[
∆∗

(5%) , ∆
∗
(95%)

]
, (28)

where ∆∗
(p%) denotes the p-th percentile of the bootstrap

distribution. Improvement in each table is reported in the
form ∆obs ± CI. For ∆obs each ai is sampled from our
model and each bi is sampled from the second best model
(or from the specified model/configuration). Here, CI =
∆∗

(95%) −∆∗
(5%). We deem each improvement statistically

significant if and only if:

0 /∈ CI90, (29)

i.e., both endpoints have the same sign.

2.C. Ablations on CrossTask (fn 8)
Importance of Structure-Aware Training. Table 1 re-
ports results for T ∈ {4, 5, 6} and reveals the same trends
observed for T=3. Across all horizons, three consistent
patterns emerge. Together, these findings generalize our
conclusions from T=3 and demonstrate that the benefits of
training using DVL persist across longer planning horizons.
Structure-aware training is effective. Models trained with
the Differentiable Viterbi Layer (DVL) (configurations 6-
8) outperform their counterparts trained without DVL (con-
figurations 1-4). The absolute gains in SR remain remark-
ably stable across horizons (≈ 5.7%), indicating that the
benefits of structure-aware learning scale reliably with se-
quence length. In contrast, enabling VD or DVL only at
inference (configurations 2-4) yields negligible improve-
ments over the baseline, confirming that most of the gains
originate from structured training rather than test-time post-
processing.
DVL learns meaningful emissions. For every horizon, de-
coding the learned emissions with a row-wise argmax (con-
figuration 5) leads to a substantial drop in performance, mir-
roring the behaviour observed for T=3. This confirms that
emissions learned with DVL represent distributions over la-
tent states rather than direct action scores, and therefore re-
quire a structured decoding procedure. When these emis-
sions are decoded through VD or DVL (configurations 6-
8), performance recovers and consistently exceeds the non-
DVL baseline.
DVL is Backward-Compatible with standard VD. Replac-
ing DVL with standard VD at inference (configuration 6 vs.
7) results in comparable performance across all metrics and
horizons, showing that VD can operate effectively on emis-
sions produced by DVL-trained models. Adding VD on
top of DVL (configuration 8) produces only marginal differ-
ences. These results confirm that the main advantage stems
from structure-aware training, with VD and DVL playing
largely interchangeable roles at inference.
Memorization and Sample Efficiency. Figures 2, 3, 4
show performance as a function of training data on
CrossTask for T ∈ {4, 5, 6}. They confirm the same pat-
terns observed for T=3 in the main paper: ViterbiPlan-
Net is consistently more sample-efficient than SCHEMA.
Across all horizons, ViterbiPlanNet achieves higher success
rates when trained with limited data (e.g., 5%−25% of the
training set), while SCHEMA requires substantially more
examples to reach comparable performance. This gap pro-
gressively narrows as the training set grows, indicating that
SCHEMA increasingly benefits from memorization as more
trajectories are available.

When the PKG is removed (dashed lines) the results
again follow the same trend across all horizons: SCHEMA
outperforms the Base Model (corresponding to configura-
tion 1 in Table 1) due to its more flexible transformer-based
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Figure 2. Performance as a function of training data on CrossTask
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Figure 3. Performance as a function of training data on CrossTask
for T = 5.

architecture, which facilitates memorization of procedural
patterns. Importantly, the Base Model and ViterbiPlanNet
share the same architecture and parameter count, so the con-
sistent improvement of ViterbiPlanNet over the Base Model
is entirely attributable to its PKG-aware structured training,
rather than additional capacity. These observations, stable
across T=4 and T=5 as well as T=6, demonstrate that us-
ing the PKG within our differentiable planning module re-
duces the need for memorization and leads to better sample
efficiency across all planning horizons.

Guided Training vs Conditioning and Post-processing.
Table 2 extends our comparison of how different methods
leverage the PKG to longer horizons (T ∈ {4, 5, 6}), reveal-
ing the same pattern observed at T=3. Across all horizons,
we again find that all approaches benefit from the PKG, but
not equally. Methods that use the PKG only as a condition-
ing signal (KEPP) or as a post-processing constraint (Plan-
LLM and SCHEMA) exhibit modest gains: KEPP provides
almost no improvement, while PlanLLM and SCHEMA ob-
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for T = 6.

Table 2. SR ↑ (%) with and without PKG on CrossTask for Hori-
zons T ∈ {4, 5, 6}.

Method PKG Use w/o PKG w/ PKG Improv.

Horizon T = 4

KEPP [8] Conditioning 22.57 ± 0.52 22.34 ± 0.43 -0.23 ± 0.69

PlanLLM [15] Post-processing 19.90 ± 0.40 22.91 ± 1.39 3.01 ± 1.42

SCHEMA [9] Post-processing 19.79 ± 0.72 24.18 ± 0.47 4.39 ± 0.91

ViterbiPlanNet Guided Training 18.93 ± 0.58 24.64 ± 0.30 5.71 ± 0.64

Horizon T = 5

KEPP [8] Conditioning 13.39 ± 0.32 13.36 ± 1.06 -0.03 ± 1.08

PlanLLM [15] Post-processing 12.06 ± 0.40 14.89 ± 0.24 2.83 ± 0.45

SCHEMA [9] Post-processing 11.17 ± 0.30 15.21 ± 0.40 4.04 ± 0.51

ViterbiPlanNet Guided Training 10.21 ± 0.08 15.97 ± 0.18 5.76 ± 0.19

Horizon T = 6

KEPP [8] Conditioning 7.91 ± 0.66 8.21 ± 0.22 0.30 ± 0.70

PlanLLM [15] Post-processing 7.03 ± 0.38 8.98 ± 0.97 1.95 ± 1.04

SCHEMA [9] Post-processing 6.36 ± 0.58 10.23 ± 0.38 3.87 ± 0.67

ViterbiPlanNet Guided Training 4.70 ± 0.40 10.37 ± 0.22 5.67 ± 0.43

tain consistent but moderate increases. In contrast, Viterbi-
PlanNet, which incorporates the PKG directly into the train-
ing objective through guided training with a Differentiable
Viterbi Layer, achieves the largest improvement at every
horizon. Specifically, ViterbiPlanNet improves by +5.71%,
+5.76%, and +5.67% SR for T=4, 5, 6 respectively, sub-
stantially surpassing all alternatives.

These results confirm that learning through the PKG is
consistently more effective than conditioning on it or ap-
plying it only as a test-time constraint. In particular, the ad-
vantage of ViterbiPlanNet persists as the planning horizon
grows, indicating that guided training extracts a stronger
procedural signal and scales more robustly to more chal-
lenging horizons.

Effect of Task Supervision. We assess the role of task su-
pervision by removing the task head and loss during train-
ing for all methods. Table 3 reports results across mul-
tiple planning horizons (T ∈ {3, 4, 5, 6}). A clear pat-



Table 3. SR ↑ (%) with and without Task Supervision (Task S.) for
Horizons T ∈ {3, 4, 5, 6}.

Method w/ Task S. w/o Task S.

Horizon T = 3

PDPP [12] 36.73 ± 0.59 8.39 ± 8.02

PlanLLM [15] 36.84 ± 1.21 15.37 ± 14.09

SCHEMA [9] 37.24 ± 0.60 37.00 ± 0.27

ViterbiPlanNet 38.45 ± 0.32 38.32 ± 0.12

Horizon T = 4

PDPP [12] 21.47 ± 2.09 5.24 ± 1.23

PlanLLM [15] 23.25 ± 0.38 4.97 ± 3.10

SCHEMA [9] 24.18 ± 0.47 23.24 ± 0.98

ViterbiPlanNet 24.64 ± 0.30 24.68 ± 0.26

Horizon T = 5

PDPP [12] 13.79 ± 0.21 1.51 ± 1.33

PlanLLM [15] 14.88 ± 0.28 5.33 ± 7.43

SCHEMA [9] 15.21 ± 0.40 14.80 ± 0.32

ViterbiPlanNet 15.97 ± 0.17 15.81 ± 0.21

Horizon T = 6

PDPP 8.68 ± 0.63 0.46 ± 0.22

PlanLLM 9.23 ± 0.17 2.82 ± 3.35

SCHEMA 10.23 ± 0.38 9.32 ± 0.46

ViterbiPlanNet 10.37 ± 0.22 10.18 ± 0.29

tern emerges. Methods whose generation is tightly cou-
pled to the task identity such as PDPP and PlanLLM suffer
dramatic performance drops when task labels are removed
(e.g., SR at T=3 for PDPP 36.73%→8.39% and PlanLLM
36.84% → 15.37%). This happens often with large vari-
ance, indicating strong dependence on explicit task condi-
tioning. In contrast, SCHEMA remains remarkably stable
across all horizons with changes typically below 1%, re-
flecting the fact that its LLM-derived procedural memory
implicitly encodes task-specific structure even without task
supervision.

ViterbiPlanNet exhibits the same robustness: perfor-
mance remains unchanged when task supervision is re-
moved (e.g., 38.45% → 38.32% at T=3, with similar be-
haviour for larger horizons). This stability stems from
the differentiable Viterbi Layer (DVL), which internalizes
procedural constraints directly from the PKG and enforces
them throughout training. As a result, ViterbiPlanNet learns
task-aware structural priors without requiring explicit task
annotations.

2.D. Comparisons with the State of the Art (fn 8)
Performance on Different Planning Horizons. Table 4
reports the full comparison across all datasets for horizons

beyond those shown in the main paper. The trends observed
for T=3 and T=4 remain fully consistent at larger hori-
zons.

ViterbiPlanNet achieves the highest Success Rate (SR)
across all settings. Although performance gaps naturally
shrink as the task becomes harder and all methods degrade,
ViterbiPlanNet continues to match or surpass the strongest
baselines, typically SCHEMA or PlanLLM, and remains
the top performer in SR, demonstrating robust long-horizon
sequential modeling.

Step-level metrics (mAcc and mIoU) remain comparable to
other approaches. Similar to shorter horizons, SCHEMA
and PlanLLM occasionally report slightly higher mAcc or
mIoU on COIN, but differences are small and not statisti-
cally significant. This confirms that ViterbiPlanNet’s em-
phasis on global procedural consistency does not compro-
mise local accuracy, even for longer sequences.

In-context LLM/VLM models achieve limited performance.
At T=5 and especially T=6, Qwen2.5-VL-32B, Qwen
LLMs, and Gemini 2.5 Pro exhibit large drops in SR, often
falling below the simple PKG beam-search baseline. This
highlights that zero-shot prompting strategies struggle to
maintain coherent multi-step reasoning as planning depth
increases.

Cross-Horizon Consistency. Tables 6 and 7 report cross-
horizon consistency results on COIN and NIV, extending
the analysis from the main paper. The same trends ob-
served on CrossTask clearly emerge across both datasets.
On COIN, LLMs and VLMs exhibit limited robustness
when evaluated at shorter horizons after training at T=6,
with performance often collapsing as the required subse-
quence length decreases. Learning-based approaches such
as PDPP, KEPP, and PlanLLM show slightly better sta-
bility but still suffer from noticeable degradation, partic-
ularly when moving from 6→3. SCHEMA stands out as
the strongest baseline, yet ViterbiPlanNet consistently sur-
passes it by substantial margins across all horizon reduc-
tions, achieving gains of up to +4.44% SR.

On NIV, the role of explicit procedural structure is partic-
ularly evident. PKG beam search stands out as the strongest
non-learning baseline and, in fact, the second-best overall
method, clearly demonstrating the high importance of the
PKG signal on this dataset. This indicates that NIV strongly
benefits from structured graph-based priors. Importantly,
ViterbiPlanNet is the only model that fully leverages this
signal. The improvement is statistically significant for the
6→3 setting (+3.85% SR), while for 6→4 and 6→5 the
gains remain positive but not statistically conclusive. These
results underscore that ViterbiPlanNet is uniquely capable
of leveraging the PKG to achieve robust horizon-invariant
planning behavior.



Table 4. Comparison with the state of the art. Best and second-best results are highlighted for each metric within each time horizon.
Statistically significant performance differences (i.e., cases in which the confidence interval does not include zero) are marked in yellow.

T Method CrossTask COIN NIV

SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M) SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M) SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M)

3

Qwen2.5-VL-32B [1] 11.48 36.35 69.52 32,000 3.65 17.51 52.10 32,000 7.41 27.65 59.73 32,000
Qwen2.5-32B [10] 25.14 56.10 80.92 32,000 14.97 36.34 78.74 32,000 24.07 43.46 71.88 32,000
Gemini 2.5 Pro [3] 29.18 57.90 81.48 >100,000 17.02 38.87 78.73 >100,000 24.07 43.46 71.86 >100,000
Qwen3-30B [14] 23.37 55.96 81.16 30,000 14.52 36.56 78.07 30,000 24.81 42.84 70.80 30,000
Qwen3-30B [14] + PKG 23.31 56.15 81.06 30,000 14.63 36.53 78.11 30,000 25.19 43.95 71.98 30,000
PKG beam search 22.38 ± 0.26 55.74 ± 0.25 80.92 ± 0.26 41.87 13.32 ± 0.34 37.42 ± 1.19 78.93 ± 2.06 42.90 24.96 ± 1.93 43.46 ± 2.42 72.18 ± 0.55 41.74
PDPP [12] 36.73 ± 0.59 61.96 ± 0.59 83.20 ± 0.33 41.87 22.37 ± 0.57 44.60 ± 0.16 83.00 ± 0.42 42.90 26.52 ± 1.56 45.58 ± 1.85 74.89 ± 0.85 41.74
KEPP [8] 34.93 ± 2.60 60.34 ± 1.61 82.67 ± 0.69 42.18 13.85 ± 7.49 28.40 ± 12.26 62.54 ± 14.35 44.66 27.56 ± 1.48 45.93 ± 2.37 74.36 ± 0.97 41.86
PlanLLM [15] 36.84 ± 1.21 61.56 ± 1.03 83.23 ± 0.53 384.94 33.44 ± 0.15 51.05 ± 0.46 84.66 ± 0.41 386.43 30.00 ± 1.41 44.35 ± 2.52 73.60 ± 1.66 384.77
SCHEMA [9] 37.24 ± 0.60 62.69 ± 0.28 83.94 ± 0.23 6.13 32.89 ± 0.61 50.84 ± 0.47 83.98 ± 0.67 6.28 26.30 ± 1.49 42.77 ± 2.12 73.04 ± 1.42 6.12
ViterbiPlanNet 38.45 ± 0.32 63.07 ± 0.17 83.89 ± 0.16 5.57 33.99 ± 0.23 50.87 ± 0.17 83.88 ± 0.31 6.67 32.37 ± 0.96 46.96 ± 1.75 73.85 ± 0.85 5.48
Improvement +1.21 ± 0.69 +0.38 ± 0.34 -0.05 ± 0.27 +0.55 ± 0.27 -0.18 ± 0.49 -0.78 ± 0.50 +2.37 ± 1.63 +1.04 ± 3.06 -1.04 ± 1.22

4

Qwen2.5-VL-32B [1] 5.56 31.22 66.31 32,000 1.87 17.05 55.66 32,000 5.26 28.84 60.21 32,000
Qwen2.5-32B [10] 9.22 46.32 76.15 32,000 4.98 27.45 71.64 32,000 23.25 41.89 73.91 32,000
Gemini 2.5 Pro [3] 14.00 51.33 78.58 >100,000 8.10 31.90 71.70 >100,000 22.37 40.35 73.05 >100,000
Qwen3-30B [14] 10.59 49.06 78.03 30,000 4.64 28.85 70.45 30,000 22.37 41.23 73.90 30,000
Qwen3-30B [14] + PKG 10.96 48.77 77.48 30,000 4.78 29.00 71.04 30,000 21.93 41.67 74.43 30,000
PKG beam search 9.30 ± 0.22 47.65 ± 0.54 78.25 ± 0.42 41.87 5.14 ± 0.60 31.29 ± 3.64 74.26 ± 5.38 42.90 21.23 ± 0.96 40.86 ± 0.83 72.69 ± 0.75 41.74
PDPP [12] 21.47 ± 2.09 55.66 ± 1.64 80.68 ± 0.83 41.87 15.21 ± 0.34 41.01 ± 0.32 81.64 ± 0.48 42.90 21.40 ± 0.53 40.20 ± 2.00 72.82 ± 1.84 41.74
KEPP [8] 22.34 ± 0.43 55.24 ± 0.30 80.58 ± 0.25 42.18 15.20 ± 1.27 33.39 ± 0.73 67.79 ± 1.29 44.66 22.54 ± 1.93 42.46 ± 1.49 73.11 ± 0.94 41.86
PlanLLM [15] 22.91 ± 1.39 55.29 ± 1.54 81.03 ± 0.47 384.94 23.19 ± 0.32 45.70 ± 0.33 83.44 ± 0.39 386.43 23.42 ± 1.40 41.95 ± 2.81 72.32 ± 0.91 384.77
SCHEMA [9] 24.18 ± 0.47 57.02 ± 0.64 81.46 ± 0.19 6.13 22.33 ± 0.92 45.21 ± 1.05 82.93 ± 0.25 6.28 24.39 ± 1.84 41.14 ± 3.62 73.13 ± 1.97 6.12
ViterbiPlanNet 24.64 ± 0.30 57.00 ± 0.42 81.18 ± 0.44 5.60 23.92 ± 0.29 45.63 ± 0.55 82.56 ± 0.44 6.87 27.54 ± 0.70 45.55 ± 1.89 74.71 ± 1.19 5.50
Improvement +0.46 ± 0.61 -0.02 ± 0.78 -0.29 ± 0.49 +0.73 ± 0.44 -0.08 ± 0.62 -0.88 ± 0.59 +3.15 ± 1.93 +3.09 ± 2.43 +1.58 ± 2.37

5

Qwen2.5-VL-32B [1] 2.27 24.53 63.65 32,000 1.10 16.75 57.21 32,000 1.07 29.30 61.98 32,000
Qwen2.5-32B [10] 3.77 37.58 72.09 32,000 4.04 28.48 74.77 32,000 18.72 43.32 73.47 32,000
Gemini 2.5 Pro [3] 4.35 42.76 76.47 >100,000 7.89 32.48 75.22 >100,000 18.72 40.86 71.71 >100,000
Qwen3-30B [14] 4.09 39.14 72.83 30,000 3.65 28.46 72.44 30,000 19.25 43.21 72.90 30,000
Qwen3-30B [14] + PKG 4.77 39.83 73.17 30,000 3.55 29.08 74.06 30,000 20.32 45.35 74.25 30,000
PKG beam search 5.35 ± 0.03 42.98 ± 0.69 76.75 ± 0.54 41.87 2.91 ± 0.19 28.93 ± 0.93 73.61 ± 1.92 42.90 18.40 ± 1.18 42.65 ± 1.48 74.00 ± 1.58 41.74
PDPP [12] 13.79 ± 0.21 52.31 ± 0.29 79.21 ± 0.26 41.87 11.42 ± 0.49 37.23 ± 0.34 80.84 ± 0.47 42.90 19.04 ± 2.57 44.56 ± 2.97 75.73 ± 1.35 41.74
KEPP [8] 13.36 ± 1.06 51.27 ± 0.73 78.69 ± 0.62 42.18 12.14 ± 0.35 32.28 ± 0.57 69.19 ± 0.94 44.66 21.07 ± 1.39 44.36 ± 2.25 74.93 ± 1.42 41.86
PlanLLM [15] 14.89 ± 0.24 51.16 ± 0.70 78.97 ± 0.35 384.94 16.15 ± 0.41 40.29 ± 0.86 82.21 ± 1.67 386.43 21.93 ± 0.43 42.89 ± 1.22 73.84 ± 1.51 384.77
SCHEMA [9] 15.21 ± 0.40 52.97 ± 0.24 79.44 ± 0.29 6.13 15.30 ± 0.73 39.47 ± 0.89 81.27 ± 1.09 6.28 19.14 ± 0.97 39.25 ± 3.34 72.97 ± 2.34 6.12
ViterbiPlanNet 15.97 ± 0.17 53.30 ± 0.29 79.56 ± 0.27 5.64 15.87 ± 0.53 39.42 ± 0.69 81.19 ± 0.99 7.07 23.10 ± 0.64 42.97 ± 1.99 74.81 ± 1.28 5.51
Improvement +0.76 ± 0.43 +0.33 ± 0.40 +0.12 ± 0.40 -0.21 ± 0.70 -0.93 ± 1.29 -1.23 ± 2.04 +1.18 ± 0.86 -1.59 ± 3.47 -0.92 ± 1.82

6

Qwen2.5-VL-32B [1] 1.21 25.17 63.01 32,000 0.57 16.46 57.35 32,000 3.38 32.09 65.33 32,000
Qwen2.5-32B [10] 4.00 38.71 73.50 32,000 5.12 27.27 69.84 32,000 16.22 42.23 72.29 32,000
Gemini 2.5 Pro [3] 3.84 38.55 74.54 >100,000 8.79 30.75 70.24 >100,000 16.89 40.20 70.31 >100,000
Qwen3-30B [14] 3.40 39.09 74.31 30,000 1.91 25.97 68.30 30,000 16.89 41.89 71.28 30,000
Qwen3-30B [14] + PKG 3.52 39.52 74.46 30,000 2.67 26.52 68.47 30,000 17.57 43.02 72.20 30,000
PKG beam search 2.65 ± 0.16 38.64 ± 0.52 74.89 ± 0.54 41.87 0.69 ± 0.18 25.99 ± 0.11 71.25 ± 1.31 42.90 15.41 ± 0.41 42.23 ± 2.68 72.26 ± 1.13 41.74
PDPP [12] 8.68 ± 0.63 48.50 ± 1.15 78.10 ± 0.59 41.87 9.14 ± 0.44 33.83 ± 0.54 78.42 ± 0.26 42.90 14.19 ± 1.76 43.83 ± 2.43 74.31 ± 1.56 41.74
KEPP [8] 8.21 ± 0.22 46.45 ± 1.11 76.45 ± 0.74 42.18 10.16 ± 0.53 30.99 ± 0.95 69.40 ± 1.28 44.66 14.05 ± 0.81 41.24 ± 1.49 73.44 ± 1.04 41.86
PlanLLM [15] 9.04 ± 0.82 45.91 ± 1.24 76.91 ± 0.65 384.94 12.51 ± 0.24 34.97 ± 0.42 78.17 ± 0.48 386.43 16.35 ± 0.81 40.79 ± 1.26 73.52 ± 0.97 384.77
SCHEMA [9] 10.23 ± 0.38 49.31 ± 0.49 78.31 ± 0.34 6.13 13.16 ± 0.49 36.41 ± 0.60 79.20 ± 0.85 6.28 15.81 ± 2.97 40.20 ± 3.99 73.46 ± 1.49 6.12
ViterbiPlanNet 10.37 ± 0.22 49.25 ± 0.54 78.01 ± 0.21 5.67 13.11 ± 0.35 36.03 ± 0.39 79.35 ± 0.64 7.27 18.78 ± 0.81 45.77 ± 0.83 75.91 ± 0.52 5.52
Improvement +0.14 ± 0.44 -0.06 ± 0.73 -0.30 ± 0.41 -0.05 ± 0.57 -0.38 ± 0.73 +0.15 ± 1.09 +2.43 ± 1.08 +1.94 ± 2.55 +1.60 ± 1.66

Table 5. Performance comparison of MTID♣ and ViterbiPlanNet♣ across the CrossTask, COIN, and NIV datasets. The best and
second-best results are highlighted for each metric within each time horizon.

Horizon Method CrossTask COIN NIV

SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M) SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M) SR ↑ (%) mAcc ↑ (%) mIoU ↑ (%) Params (M)

T = 3 MTID♣ [16] 40.45 67.19 69.17 1085.20 30.44 51.70 59.74 1085.20 28.52 44.44 56.46 1085.20
ViterbiPlanNet♣ 39.75 67.39 76.92 5.49 34.42 51.20 81.25 6.01 34.44 48.89 95.07 5.45

T = 4 MTID♣ [16] 24.76 60.69 67.67 1085.20 22.74 49.90 61.25 1085.20 24.89 44.54 57.46 1085.20
ViterbiPlanNet♣ 24.19 61.12 80.67 5.52 24.09 45.71 77.84 6.21 28.95 47.81 80.07 5.46

T = 5 MTID♣ [16] 15.26 - - 1085.20 - -
ViterbiPlanNet♣ 15.37 57.10 80.53 5.55 - -

T = 6 MTID♣ [16] 10.30 - - 1085.20 - -
ViterbiPlanNet♣ 9.68 53.99 86.34 5.57 - -

2.E. Comparison with MTID (fn 12)

Table 5 provides the extended comparison between
ViterbiPlanNet♣ and MTID♣ [16] across all reported hori-
zons and datasets. Since MTID contains over one billion
parameters and is computationally prohibitive to retrain,
all MTID results are taken directly from the original pa-

per (if available). To ensure fairness, we adapt Viterbi-
PlanNet to the MTID evaluation protocol, including the
merged CrossTask taxonomy, modified mIoU computation,
and PDPP-style feature extraction, and we denote these re-
sults with ♣.

Across all datasets and horizons, the trends observed in
the main paper remain consistent. Despite being three or-



Table 6. Cross-Horizon Consistency results on COIN.

Method SR ↑ (%) [6 → 3] SR ↑ (%) [6 → 4] SR ↑ (%) [6 → 5]

Qwen2.5-VL-32B [1] 3.47 1.75 1.00
Qwen2.5-32B [10] 6.71 6.55 3.75
Gemini 2.5 Pro [3] 5.35 7.20 2.12
Qwen3-30B [14] 5.82 4.31 2.51
Qwen3-30B [14] + PKG 5.80 4.84 2.71
PKG beam search 6.85 ± 0.27 4.39 ± 0.14 1.66 ± 0.20

PDPP [12] 7.66 ± 0.17 6.84 ± 0.36 5.00 ± 0.49

KEPP [8] 5.10 ± 0.80 6.09 ± 1.04 5.85 ± 1.03

PlanLLM [15] 9.48 ± 0.38 8.22 ± 0.27 6.02 ± 0.51

SCHEMA [9] 9.89 ± 0.82 9.30 ± 1.14 7.89 ± 0.64

ViterbiPlanNet 14.34 ± 0.41 13.82 ± 0.53 9.47 ± 0.14

Improvement +4.45 ± 0.90 +4.52 ± 1.31 +1.58 ± 0.67

Table 7. Cross-Horizon Consistency results on NIV.

Method SR ↑ (%) [6 → 3] SR ↑ (%) [6 → 4] SR ↑ (%) [6 → 5]

Qwen2.5-VL-32B [1] 9.26 5.70 1.60
Qwen2.5-32B [10] 3.33 5.70 8.02
Gemini 2.5 Pro [3] 1.11 6.14 9.63
Qwen3-30B [14] 3.33 5.70 8.02
Qwen3-30B [14] + PKG 4.07 7.46 9.63
PKG beam search 15.19 ± 1.70 14.56 ± 2.46 14.76 ± 2.46

PDPP [12] 13.11 ± 2.22 11.67 ± 1.75 11.23 ± 1.39

KEPP [8] 8.67 ± 1.93 8.77 ± 2.11 11.44 ± 1.93

PlanLLM [15] 9.70 ± 2.59 10.26 ± 1.05 11.55 ± 0.86

SCHEMA [9] 10.37 ± 0.97 11.32 ± 2.19 12.19 ± 2.14

ViterbiPlanNet 19.04 ± 1.56 14.74 ± 1.75 16.90 ± 1.28

Improvement +3.85 ± 2.37 +0.18 ± 3.33 +2.14 ± 2.67

ders of magnitude smaller (5–7M vs. 1,085M parameters),
ViterbiPlanNet achieves performance comparable to MTID
in terms of Success Rate and mean Accuracy, and substan-
tially surpasses it in terms of mean IoU. At T=3 and T=4,
ViterbiPlanNet delivers large improvements in mIoU, e.g.,
+7.75 points on CrossTask, +21.51 on COIN, and +38.61
on NIV at T=3, indicating that its predictions are consid-
erably more locally accurate and structurally coherent. For
longer horizons (T=5 and T=6), ViterbiPlanNet matches
or exceeds the SR reported for MTID.

These results confirm that ViterbiPlanNet achieves com-
petitive or superior performance to MTID while being
vastly more efficient, illustrating the benefits of integrat-
ing procedural structure directly into the decoding process
rather than relying on large diffusion-based models.

3. Additional Studies

3.A. Study on Rigidity of the Markov Assumption
(fn 1)

We investigate whether the Markov assumption enforced by
Viterbi decoding introduces excessive rigidity during plan
generation. Our analysis evaluates three complementary as-
pects: (i) empirical coverage of the Procedural Knowledge
Graph (PKG), (ii) decoding diversity under controlled con-
ditions, and (iii) overlap of failure cases. Quantitative re-
sults are summarized in Table 8 and Figure 5.

Table 8. PKG coverage and decoding diversity metrics.

Metric Dataset/Condition Result

PKG Coverage CrossTask (T=3→6) 97.4 → 93.0 (%)
(% test sequences with COIN (T=3→6) 90.8 → 77.0 (%)
transitions in the graph) NIV (T=3→6) 86.7 → 72.3 (%)

Decoding Diversity Uniform Emissions H=0.00, JSD=0.56
(Entropy H↑, Jensen– SCHEMA w/o PKG H=4.39, JSD=0.51
Shannon Divergence JSD↓, SCHEMA w/ PKG H=2.61, JSD=0.39
CrossTask, T=6) ViterbiPlanNet H=2.13, JSD=0.39

Figure 5. Error overlap analysis on NIV T = 6.

PKG Coverage. We first measure PKG coverage, defined
as the percentage of test trajectories whose transitions are
present in the graph extracted from training data. Cover-
age naturally decreases with planning horizon and dataset
complexity, ranging from 97.4% → 93.0% on CrossTask,
90.8% → 77.0% on COIN, and 86.7% → 72.3% on
NIV for T=3→6. Despite longer horizons, coverage re-
mains consistently high (> 72%), indicating that Marko-
vian decoding operates within a broadly permissive transi-
tion space. Uncovered transitions correspond primarily to
procedures never observed during training, reflecting data
sparsity rather than structural limitations of the decoder.

Decoding Diversity. To assess whether Viterbi decoding
restricts procedural variability, we evaluate decoding di-
versity on a controlled subset of CrossTask (T=6), where
all sequences share identical start and goal actions but dif-
fer in intermediate steps. We report entropy (H↑) and
Jensen–Shannon divergence from the ground-truth distribu-
tion (JSD↓).

A PKG-only decoder with uniform emissions collapses
to a single trajectory (H=0.00), showing that transition
constraints alone are insufficient to model procedural vari-
ability. Introducing learned emissions substantially in-
creases diversity while maintaining alignment with ground
truth. ViterbiPlanNet achieves H=2.13 and JSD=0.39,
comparable to SCHEMA with PKG (H=2.61, JSD=0.39).
Removing Viterbi decoding (SCHEMA w/o PKG) fur-
ther increases entropy (H=4.39) but worsens distributional
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Figure 6. We evaluate performance under progressively corrupted
procedural knowledge graphs (PKGs). Left: edge dropout ob-
tained by randomly removing graph transitions. Center: noisy
transition probabilities produced by Gaussian perturbations with
variance σ. Right: PKGs reconstructed from limited or noisy su-
pervision.

alignment (JSD=0.51), indicating that additional trajecto-
ries are largely hallucinated rather than valid alternatives.

These results suggest that the Markov assumption acts
as a structural prior: it filters implausible transitions while
learned emissions retain sufficient flexibility to explore
multiple valid plans.
Failure Case Analysis. We further analyze error overlap
on NIV at T=6 using the Venn diagram in Figure 5. Adding
PKG constraints to SCHEMA corrects 10.2% (5.1+5.1) of
failures while introducing only 0.7% new errors, demon-
strating that Markovian decoding primarily removes invalid
trajectories rather than creating new failure modes. De-
spite architectural differences, ViterbiPlanNet introduces
only 3% new mistakes while correcting 13.1% (8+5.1) and
an additional 8% of errors made by SCHEMA without and
with PKG, respectively.
Discussion. Overall, the Markov assumption does not im-
pose excessive rigidity. Instead, it provides a permissive
yet structured decoding space enabled by high PKG cover-
age, within which learned emissions steer trajectory selec-
tion and recover correct procedural plans. This observation
aligns with prior work (e.g., SCHEMA [9], PlanLLM [15]),
where Viterbi decoding is routinely adopted as a final infer-
ence step.

3.B. Study on Dependence on PKG Quality (fn 2)
We analyze the sensitivity of our method to the quality of
the Procedural Knowledge Graph (PKG) by systematically
degrading the graph used during training and inference.
Specifically, we consider three complementary perturba-
tions: (i) edge dropout, obtained by randomly dropping
transitions from the graph; (ii) edge-weight noise, intro-
duced by adding Gaussian perturbations to transition prob-
abilities; and (iii) imperfect graph estimation, where PKGs
are reconstructed from limited or noisy supervision (Fig-
ure 6).

Across all settings, ViterbiPlanNet exhibits graceful per-
formance degradation. The model remains stable when re-

Table 9. A single model is trained and evaluated using a unified
PKG constructed from the union of all datasets. Gray values in-
dicate the average performance of dataset-specific models, while
arrows show the performance change when switching to a dataset-
independent PKG.

Method [SR ↑ (%)] T = 3 T = 4 T = 5 T = 6

SCHEMA [9] 32.1 → 32.7 ±0.4 23.6 → 21.9 ±0.3 16.6 → 14.2 ±0.4 13.1 → 10.2 ±0.2

ViterbiPlanNet 34.9 → 33.3 ±0.4 25.4 → 22.8 ±0.2 18.3 → 15.0 ±0.2 14.1 → 10.8 ±0.2

Improvement +0.6 ±0.5 +0.8 ±0.4 +0.9 ±0.5 +0.6 ±0.3

moving up to 10–15% of graph edges, injecting noise up to
σ = 0.15, or constructing PKGs from as little as 25% of the
available training data. Even under extreme label corruption
(up to 90% noisy annotations), performance remains com-
petitive and consistently surpasses SCHEMA without PKG
constraints (dashed curve).

Although the success rate decreases under severe corrup-
tion or extremely limited data, similar degradation trends
are observed for SCHEMA with PKG decoding. This in-
dicates that sensitivity primarily stems from inference with
incomplete or noisy graphs rather than from our PKG-aware
learning formulation.

3.C. Dataset-Independent PKG (fn 3)
In Table 9 we evaluate whether procedural knowledge can
generalize across datasets by training and testing a single
model using a unified PKG constructed from the union of
all datasets, instead of dataset-specific graphs. Using a
shared PKG introduces a modest performance drop com-
pared to the average performance of models trained with
dataset-specific graphs (xx.x → zz.z overall), reflecting
the increased variability and partial mismatch between pro-
cedures originating from different domains. Nevertheless,
ViterbiPlanNet consistently outperforms SCHEMA across
all planning horizons, demonstrating that the learned emis-
sions successfully adapt to heterogeneous procedural struc-
tures.

3.D. Intermediate Visual Observations (fn 4)
While planning in instructional videos is typically studied
under a weakly supervised setting where only start and end
observations are available [8, 9, 12, 15], real-world scenar-
ios often provide additional intermediate visual cues that
may refine or revise an ongoing plan. We therefore evaluate
whether planning models can effectively incorporate partial
observations appearing during execution.

To simulate plan revision, we train and evaluate both
ViterbiPlanNet and SCHEMA on CrossTask with planning
horizon T=6, providing as input the first three observed ac-
tions together with the final observation. This setting sup-
plies partial trajectory evidence while leaving intermediate
steps to be inferred, requiring the model to integrate new
visual information with procedural priors.



Table 10. Evaluation on the egocentric instructional video dataset
EgoPER [6] across planning horizons T=3–6.

Method [SR ↑ (%)] T = 3 T = 4 T = 5 T = 6

SCHEMA [9] 29.55 ±1.95 20.78 ±1.94 13.91 ±1.10 12.46 ±1.57

ViterbiPlanNet 51.84 ±0.95 48.14 ±0.64 46.34 ±0.49 41.98 ±0.92

Improvement +22.29 ±2.17 +27.36 ±2.04 +32.43 ±1.21 +29.52 ±1.82

Under this protocol, ViterbiPlanNet achieves a substan-
tial improvement in Success Rate, increasing from 10.4 ±
0.2 to 18.3± 0.7. In comparison, SCHEMA improves from
10.2 ± 0.4 to 15.7 ± 1.1, resulting in a consistent perfor-
mance gap in favor of our approach. The larger gain in-
dicates that ViterbiPlanNet uses additional visual context
more effectively to refine trajectory predictions.

3.E. Planning in Egocentric Instructional Videos
(fn 7)

In Table 10 we further evaluate our approach on
EgoPER [6], a challenging egocentric instructional video
dataset characterized by long-horizon tasks, strong view-
point changes, and increased visual ambiguity compared to
third-person instructional benchmarks. In this setting, ac-
tion observations are captured from a first-person perspec-
tive, making procedural reasoning more difficult due to par-
tial visibility, motion-induced noise, and higher intra-class
variability. ViterbiPlanNet achieves substantial improve-
ments over SCHEMA across all planning horizons (T=3–
6). Performance gains range from +22.3% to +32.4% ab-
solute Success Rate, indicating that structured Markov de-
coding combined with learned visual emissions remains ef-
fective even under severe viewpoint variability.

These results demonstrate that our method generalizes
beyond third-person instructional videos and transfers ef-
fectively to egocentric planning scenarios. The findings
support the hypothesis that procedural structure provides
a domain-agnostic inductive bias, enabling robust planning
despite substantial visual distribution shifts.

Extending evaluation to robotics and interactive environ-
ments with stochastic or branching procedures represents an
important direction for future work.

4. Further Experimental Details
4.A. Hyperparameter Configuration
Baseline Configurations. All baselines are implemented
following the configurations reported in their original pa-
pers, with one exception: PlanLLM [15]. Upon inspec-
tion, we found that the released implementation applies a
self-attention module over the start, end, and intermediate
frames during both training and inference. Since interme-
diate frames cannot be used at test time, this introduces an
unintended information leak. We therefore corrected this

Table 11. ViterbiPlanNet training configuration.

Component Name/Value

Visual Backbone S3D [13]
Optimizer Adam [5]
Learning Rate 9× 10−3

Dropout 0.20
Batch Size 256
Epochs 500
Embedding Dimension (E) 128

behavior by ensuring that PlanLLM attends only to the start
and end frames at inference, aligning it with the standard
protocol [2] and ensuring a fair comparison.

ViterbiPlanNet Configuration. Table 11 reports the
complete set of hyperparameters used to train ViterbiPlan-
Net across all datasets. Unless otherwise specified, the same
configuration is applied across all planning horizons. Visual
representations are extracted using the S3D backbone [13],
followed by a projection layer, a lightweight Transformer
encoder, an MLP with a Sigmoid activation, and finally
the Differentiable Viterbi Layer (DVL). Training is per-
formed with the Adam optimizer [5], using a learning rate
of 9× 10−3, a dropout rate of 0.20, and a batch size of 256.
Models are trained for 500 epochs, which we found suffi-
cient for stable and consistent convergence across datasets
and horizons. The embedding dimensionality for action
representations is fixed to E = 128. The only deviation
from this configuration occurs in the experiments reported
in Table 6: for COIN at T=6, we employ two concatenated
DVL layers during training. This additional depth improves
normalization stability and enhances cross-horizon consis-
tency on this particularly challenging dataset.

4.B. LLM and VLM Details (fn 12)

This section details how Large Language Models (LLMs),
and Vision-Language Models (VLMs) are employed for
planning in instructional videos. Each family of models fol-
lows a dedicated strategy, illustrated in Figures 7, 8, and 9.

LLM-Based Sequence Completion. LLMs are used to
complete partially observed action sequences given an ac-
tion taxonomy and several example trajectories. As shown
in Figure 7, the model receives: (1) a taxonomy of admissi-
ble actions, (2) example sequences demonstrating valid pro-
cedural structure, and (3) an incomplete sequence contain-
ing the placeholder “-1”.

The LLM is instructed to substitute each missing ele-
ment using only actions from the taxonomy, without gen-
erating new actions or explanations. The model may reuse
actions multiple times and may adjust the final step if con-
textually inconsistent.



LLM + PKG Sequence Completion. When a Procedu-
ral Knowledge Graph (PKG) is available, we further con-
strain the LLM with structural priors (Figure 8). In addition
to the taxonomy and training examples, the model receives
the PKG, which encodes known action dependencies and
admissible transitions following [4].
VLM Sequence Completion. For Vision–Language
Models, we adopt a two-stage approach (Figure 9).

In the first stage, the VLM is provided with: (1) the ac-
tion taxonomy, and (2) a video clip depicting the execution
of the start and end actions. The model must identify and
return exactly two actions from the taxonomy.

In the second stage, the predicted start and end ac-
tions are inserted into Prompt 1, and the VLM is then
queried again, now conditioned on the video and the up-
dated prompt, to generate the full action sequence. This
two-step strategy enables the VLM to produce a complete
plan while remaining grounded in the visual evidence and
constrained by the predefined action taxonomy.
Prompts. Prompts 1, 2, and 3 reproduce the exact
prompts used for LLMs, LLMs+PKG, and VLMs, respec-
tively, ensuring reproducibility of our experimental setup.
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Task:
You will receive:
1. A taxonomy of possible actions.
2. Example sequences demonstrating how actions from the taxonomy are used.
3. Incomplete sequence containing the placeholder “-1”.

Your goal is to complete the incomplete sequences by replacing every “-1” with an action exclusively
drawn from the provided taxonomy.

Rules:
– Use only actions listed in the taxonomy (no new/invented actions).
– You may reuse the same action multiple times in the sequence.
– Do not add explanations or notes.
– Never use internet resources.
– You may exceptionally modify the last step of a sequence if it is contextually incorrect.

Output Format:
Return only the completed sequences in a JSON format, where all placeholders “-1” have been replaced
by valid actions.

Taxonomy:
{taxonomy }

Example sequences:
{training data }

Incomplete sequence:
{value }

Prompt 1. Prompt used to instruct the model to complete action sequences from a predefined taxonomy.



Task:
You will receive:
1. A taxonomy of possible actions.
2. A Procedural Knowledge Graph (PKG) describing relationships and dependencies between actions.
3. Example sequences demonstrating how actions from the taxonomy are used.
4. Incomplete sequence containing the placeholder “-1”.

Your goal is to complete the incomplete sequences by replacing every “-1” with an action exclusively
drawn from the provided taxonomy.

Rules:
– Use only actions listed in the taxonomy (no new/invented actions).
– You may reuse the same action multiple times in the sequence.
– Do not add explanations or notes.
– Never use internet resources.
– You may exceptionally modify the last step of a sequence if it is contextually incorrect.

Output Format:
Return only the completed sequences in a JSON format, where all placeholders “-1” have been replaced
by valid actions.

Taxonomy:
{taxonomy }

Procedural Knowledge Graph (PKG):
{pkg details }

Example sequences:
{training data }

Incomplete sequence:
{value }

Prompt 2. Prompt used when procedural knowledge graph (PKG) information is available for sequence completion.



Task:
You will receive:
1. A video showing the execution of an action;
2. A taxonomy of possible actions.

Your goal is to identify the action from the taxonomy that best matches the action performed in the
video.

Rules:
– Use only the actions listed in the taxonomy (no invented actions).
– Never use external or internet resources.
– Base your prediction solely on the visual content.
– Focus on what is actually shown in the video, not on unstated context or possible future actions.
– You must provide an answer even if uncertain.
– “null” or “none” are not valid answers: select one action from the taxonomy.

Output Format:
Return only a JSON object of the form:
{
"action id": <ID>,
"action name": "<NAME>"
}
It is essential to return both ID and NAME exactly as they appear in the taxonomy.

Taxonomy:
{taxonomy }

Video:
Inspect the video and return the ID and NAME of the action that best describes the visual content.

Prompt 3. Prompt used for VLM-based action identification from video given a fixed action taxonomy.
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