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1 Introduction

1.1 Motivation

Traditionally, surgical skill assessment has been done with manual feedback from
expert surgeons. However, in recent years, this has moved to using machine
learning (ML) models to score surgeons [6, 2, 23]. The rise in these ML models
raises an important concern about accuracy, especially if these methods will
be used in training and credentialing. Networks without formal verification are
trusted based on the accuracy from held-out test data alone. This provides no
formal guarantees. Input perturbations such as sensor noise, segmentation jitter,
and small kinematic variation should not alter a skill judgment [15, 4].

1.2 The Gap

Neural network (NN) verification and benchmarks are usually applied to im-
age classification such as MNIST and CIFAR-10, with ACAS-Xu using sensor
input—which more closely aligns with our work and dataset [9, 11, 3, 14]. How-
ever, there has not been as much work done on formal verification applied to
surgical skill assessment. Additionally, some formal verification tools that do ex-
ist, such as n2v (a Python implementation of NNV), do not directly support
our models [16, 19, 12]. Because n2v assumes either flat 1D vectors or 2D spa-
tial tensors, it does not support the 3D (batch× channels× time) shape of our
network input. Thus, we needed to create a mathematically equivalent, flat re-
formulation of the network. This workaround is representative of the fact that
typical benchmarks are not always representative of real-world models [10].

1.3 Contributions

1. We built a reusable verification benchmark over the JIGSAWS dataset on
three tasks: suturing, knot tying, and needle passing [6]. The fully convolu-
tional network (FCN) was built according to the specifications in [8]. with
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VNN-LIB [5] specifications compatible with n2v [16] and α,β–CROWN [22,
20, 21, 24].

2. We implemented a flat reformulation method compatible with n2v. We used
a block-diagonal weight matrix to represent the prior per-group weight ma-
trices, which yields a mathematically equivalent network with a max differ-
ence of 10−7. This allows Star-set verification without having to retrain a
network.

3. We used two verifiers with two different methodologies on identical ONNX
models and VNN-LIB specifications. We found that there is full agreement
up to T ≤ 60 between both verifiers, with n2v having a certification ceiling
at T ≥ 80.

2 Background

2.1 Surgical Skill Assessment & JIGSAWS

Our work uses the JIGSAWS dataset [6], the OSATS rubric (to judge surgeon
overall performance) [13, 7], and the fully convolutional network (FCN) described
in [8]. Benmansour et al. [2] also use OSATS regression to judge surgical skills
but with a CNN followed by a BiLSTM architecture, not an FCN. However,
n2v—a Star-based verification tool—does not support LSTMs.

2.2 Neural Network Verification

NN verification typically tests for robustness—which means that small pertur-
bations to input should not change the NN’s output [1]. This paper tests formal
robustness properties of our network. We define robustness over an ϵ-ball on a
held-out anchor input. VNN-COMP and VNN-LIB’s convention is to assert the
negation and return UNSAT if the safety property is proven "correct," SAT if a
counterexample was found, and unknown if the safety property cannot be verified
and a counterexample cannot be found [3].

The two tools used in this paper are n2v and α,β–CROWN. These two rep-
resent two different underlying methods of verifying NNs. n2v is the Python
implementation of NNV, which uses Star-set reachability. n2v has two options:
exact-star, which is sound and complete, and approx-star, which is sound but
not complete. α,β–CROWN uses linear bound propagation with branch-and-
bound. α,β–CROWN is, in theory, sound and complete. In practice, however,
verification will time out before exploring the whole space.

3 Benchmark Design

3.1 Dataset & Pre-Processing

The JIGSAWS dataset has three surgical tasks, each with a different number
of trials: suturing has 39 trials, knot tying has 36, and needle passing has 28.



Benchmark: Formal Verification for Surgical Robots 3

Table 1. SurgicalFCN architecture. Input shape (76, T ).

Stage Layers Output Shape Params
1 — sub-cluster convs 20×Conv1d, kernel 3, pad 1 (160, T ) 1,984
2 — manipulator convs 4×Conv1d(40→16, k3, pad1) (64, T ) 7,744
3 — shared conv Conv1d(64→32, k3, pad1) (32, T ) 6,176
Pool Temporal mean (ReduceMean) (32, ) 0
Output Linear(32→6) (6, ) 198
Total 16,102

Kinematic data from the surgical robot has 19 sensors across 4 manipulators.
Thus, there are 76 channels collected from the da Vinci robot.

Keeping with the evaluation protocol described in [8], we perform Leave One
Super-Trial Out (LOSO) cross-validation. One subject is held out per fold. There
are some trials from the meta file that are missing OSATS labels. These were
excluded from training. However, these can still be used as verification anchors
as ground-truth labels are not needed. Verification properties are defined over
the first T consecutive timesteps of each held-out trial.

3.2 Model

The FCN was faithfully reproduced according to [8], without any modification for
verifiability. This FCN has three layers. The first layer has one Conv1d per sub-
cluster. A sub-cluster separates the different sensor input data of the robot (e.g.,
the first sub-cluster is Cartesian coordinates, the second is linear velocity). The
second layer has one Conv1d per manipulator (4 manipulators). The third layer
is a shared convolution across all manipulators. We then apply global average
pooling over time. The output layer is a Linear layer that produces the 6 OSATS
scores. See Table 1.

Each model is trained per LOSO fold using MSE loss. Afterward, the perfor-
mance of the models is evaluated using Spearman ρ, with respect to ground-truth
OSATS scores. The Spearman ρ on Overall Performance are: Suturing ρ = 0.603,
Knot Tying ρ = 0.704, Needle Passing ρ = 0.364.

3.3 Properties

Properties are defined over an ℓ∞ ϵ-ball around a held-out anchor input. Prop-
erties are encoded using VNN-LIB [5]. Four properties were tested. (1) noise
robustness: we checked that all inputs within ϵphysical of the anchor produce an
output within δ of the anchor’s original predicted score. ϵphysical = 0.001 per
the estimated da Vinci kinematic precision [15], and δ = 0.5, which is half an
OSATS point. (2) segmentation boundary invariance: we apply ϵboundary = 0.01
to the first and last two timesteps, ϵphysical to the other timesteps, and check if
output is within δ. (3) output range: we verify that the overall performance score
for an expert-class anchor input exceeds a floor of L = min(expert score)−0.25.
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Table 2. SurgicalFCNFlat architecture at T = 10. Dense params assume fully popu-
lated weights; nonzero weights reflect the block-diagonal transfer.

Layer Shape Dense Params Nonzero Weights
conv1 Conv1d(76→160, k3, pad1) 36,640 (block-diagonal)
conv2 Conv1d(160→64, k3, pad1) 30,784 (block-diagonal)
conv3 Conv1d(64→32, k3, pad1) 6,176 6,176
pool_linear Linear(32·T→32, no bias) 1,024·T 32·T
classifier Linear(32→6) 198 198
Total (T = 10) 84,038 16,160

(4) monotonicity: given a novice anchor, we verify that the predicted score is
below the floor from (3), L, under perturbation.

4 The Flat-Reformulation Method

4.1 The Problem

One issue with n2v when running the raw verification pipeline is that n2v does
not properly perform operations such as Slice and ReduceMean on our 3D in-
put tensors. Our model is trained by processing channels in separate groups so
irrelevant sensor data does not influence each convolution. This is done through
channel slicing. n2v takes our 3D input tensor of (1 × 76 × T ) and strips the
batch dimension (always 1). n2v then flattens to a flat 1D star of length 76 · T .
Thus, when we slice for three channels, n2v interprets that as slicing the first
three values of the flat 1D vector. In other words, instead of slicing as V[0:3T,
:], n2v performs V[0:3, :].

A subsequent problem is that ReduceMean will fail as we want to average
across the time axis while keeping the channels axis intact. However, because of
n2v’s flattening, we lose the (channels × time) structure. n2v only supports
reduction of a vector to a scalar, and thus will be unable to reduce only our time
axis.

4.2 The Reformulation

Because n2v does not properly handle Slice and ReduceMean, we reformulate
our model using only Conv, ReLU, Flatten, and Gemm. We re-express our 20
sub-cluster convs into one dense Conv1d. We place weights block-diagonally.
The same block-diagonal technique is applied to the second layer with our
grouped manipulator convs. The third layer—which is already dense—remains
unchanged. The global average pooling is performed by a bias-free Linear layer,
with block-diagonal weights set to 1

T . The classifier remains the same. See Ta-
ble 2.
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Fig. 1. Certified ϵ over ϵphysical vs. window length T for Suturing using n2v approx-
mode. The decay starting from T = 40 reflects n2v’s reduced ability to verify larger
timesteps due to greater over-approximation. This collapses at T ≥ 80.

4.3 Equivalence

Using a random input and passing it through both our flattened model and the
original model, the maximum difference produced was 10−7. This is consistent
with floating-point rounding error. Overall, this flat-reformulation allows us to
re-express our network rather than re-train it.

5 Results

5.1 Certified-ϵ

We performed a binary search over an ϵ interval of [0, 0.1] with 12 iterations
to find the largest certified-ϵ that still returns UNSAT. When running n2v with
timestep T = 10, the average across five folds yielded 0.011733 for noise robust-
ness and 0.022588 for output range floor (when running in exact mode). This
is 11.7× and 22.6× ϵphysical, respectively. However, it is important to note that
this value does vary from fold to fold. Fold 3 is only 8× ϵphysical, whereas fold 4
is 45× ϵphysical (both for output range property).

The certified-ϵ continues to remain above ϵphysical through T = 70, where we
get 2.4× for both properties (we run in approx-mode T > 10). The certified-ϵ
begins to decay from T = 40 onward until, at T = 80, n2v is no longer able to
verify—returning unknown when over-approximating. See Fig. 1.

5.2 Cross-Verifier Comparison

We cross-verified our fixed-ϵ verdicts with α,β–CROWN using the same model
and specifications. Our results matched n2v exactly up to T = 60—n2v began
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returning unknown at T = 70. From our testing, CROWN was able to scale up
to T = 500 and return UNSAT for the noise, segmentation, and range properties.
In contrast, n2v’s approx-mode begins returning unknown verdicts starting at
T = 70, with T = 80 returning all unknowns except for one property on one
fold. This is consistent with n2v’s approx-star method, where larger input sets
cause a larger over-approximation, which causes output bounds to bloat rapidly
[18].

Unlike with n2v, we did not perform a binary search to find a certified-ϵ
with α,β–CROWN. Because α,β–CROWN uses branch-and-bound to guarantee
a correct answer, this can be inefficient if there are a large number of unstable
neurons. When looking at the boundary line between robust and non-robust—
which is exactly what our binary search will do—this will cause it to constantly
split neurons. n2v does not have this problem as it does not branch. It does one
pass with a single over-approximate star set.

5.3 Monotonicity

All verdicts in our tests up to T = 500 returned UNSAT except for monotonicity
starting from T = 100 for suturing. This implies that our model incorrectly
learned the proper ordering of novice and expert surgeons. This reflects the
limitation of the JIGSAWS dataset, which only includes two expert surgeon
samples. However, it is important to note that this is a nominal failure, not a
robustness failure. The predicted overall performance score of the novice was
already higher than the performance score of the expert.

6 Discussion

Ultimately, no single tool sufficed for our verification purposes. α,β–CROWN
confirmed soundness at a much higher T , pushing far past n2v’s horizon. How-
ever, α,β–CROWN was unable to efficiently find a certified-ϵ. This benchmark
required both tools to properly verify all properties. Additionally, α,β–CROWN
was able to verify our original model directly—without having to re-express it
through our flat-reformulation method.

Our flat-reformulation model allowed us to re-express the original model
without having to re-train it. This was important as it allowed us to retain
the original model’s learned weights, while having a model that was accurately
compatible with n2v. This permitted us to be faithful to the original model
described in [8].

The monotonicity result is the most interesting, as it showed how a model
can be technically robust but still produce an incorrect result. A network may be
robust on some perturbed input—the output being within δ—but still have an
incorrect output. Formal verification helped reveal this, whereas regular testing
with just Spearman ρ = 0.6 might imply that it is fairly monotonic or noticing
that we receive the same output despite perturbing input by an ϵ. This is another
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case of formal verification discovering something that regular testing may not
have discovered [17].

Our benchmark is limited in that the average timestep of a trial is ∼ 4000
timesteps. n2v was unable to fully verify at T = 60. α,β–CROWN also failed to
fully verify a single trial, not because of time constraints but because it ran out
of GPU memory.1 The bound propagation grows quadratically with T . Though
theoretically possible to verify, α,β–CROWN also struggles to scale well, though
not in the same way as n2v. Future work could include verifying the entire trial
length—which is currently beyond any tool we have tested.

7 Conclusion
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