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Abstract

Models of sign language have historically lagged behind
those for spoken language (text and speech). Recent work
has greatly improved their performance on tasks like sign
language translation and isolated sign recognition. However,
it remains unclear to what extent existing models capture
various linguistic phenomena of sign language, and how
well they use cues from the multiple articulators used in
sign language (hands, upper body, face). We introduce a
new benchmark dataset for American Sign Language, ASL
Minimal Translation Pairs (ASL-MTP), divided into mul-
tiple types of sign language phenomena and corresponding
minimal pairs of translations, for performing such linguistic
analyses. As a case study, we use ASL-MTP to analyze a
state-of-the-art ASL-to-English translation model. We con-
duct a targeted analysis of the model by ablating various
input cues during training and inference and evaluating on
the phenomena in ASL-MTP. Our results show that, while
the model performs above chance level on most of the phe-
nomena, it relies strongly on manual cues while often missing
crucial non-manual cues.

§ https://github.com/serpilkarabuklu/SL-Models-Analysis

1. Introduction
Sign languages convey meaning visually through the com-
bination of multiple articulatory channels, traditionally
grouped by linguists into manuals (hands) and non-manuals
(facial and body movements) [52, 53, 55, 69]. Computa-
tional models of sign language video have been developed
for a variety of tasks, such as isolated sign recognition [35],
continuous sign recognition (i.e. glossing) [10], and trans-
lation from sign language to written text in a spoken lan-
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Inference Condition All Cues
(AC)

No Hands
(NH)

No Face+No Body
(NFB)

He died city o-s-a-k-a on Tuesday <end>
(fingerspelled)

Video Frames (ASL)

Transcription

He died in Osaka on Tuesday .

Translation (English, matched )

He died in Kyoto on Tuesday .

Minimal Pair Creation

Surprisal Analysis

Replace fingerspelled word to create
mismatch between ASL and translation

Models with access to the Hands
Channel (AC, NFB) are more surprised

to encounter "Kyoto" in place of
"Osaka", than those without (NH)

Figure 1. Our dataset construction and analysis approach. We create
minimal pairs for English translations of ASL inputs by replacing
critical segments (here, the fingerspelled word, “Osaka”). We
then measure the difference in a sign language translation model’s
surprisal on the matched vs. mismatched sequences to quantify the
model’s sensitivity to the target phenomenon (fingerspelling). The
stimulus shown is taken from FLEURS-ASL [65], and is used only
for illustration.

guage [8, 61, 87]. Recent work has also developed pre-
trained representation models for sign language video, in
order to enable quick fine-tuning for multiple downstream
tasks [15, 21, 80]. Some models of sign language have fo-
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cused only on manual signs [19–21], some use the entire
input images [54, 61], and some divide the input into multi-
ple channels, for both perception [9, 14, 15] and generation
[40, 57].

Recent work has produced substantial improvements in
the performance of sign language translation models. How-
ever, it is unclear how well such models handle specific
linguistic phenomena, and in particular, phenomena that
critically depend on channel-specific cues. For instance, phe-
nomena such as Wh- and Polar Questions often involve a
combination of hand and eyebrow movements [3], while
fingerspelling and numbers largely depend on manual cues.
Even for models that explicitly learn from multiple channels,
it is unclear if they extract information from these chan-
nels in a way that matches expectations from sign language
linguistics.

We aim to address the abovementioned gaps, using Amer-
ican Sign Language (ASL) data. We first present ASL Min-
imal Translation Pairs (ASL-MTP), a collection of ASL
utterance videos along with corresponding (matched, mis-
matched) pairs of English translation sentences that mini-
mally differ with respect to a particular target phenomenon.
Here, a model should assign higher probability to the cor-
rect (matched) reference translation than to its minimally
differing (mismatched) counterpart. ASL-MTP covers 9
phenomena and is inspired by the now well-established prac-
tice of using minimal pair datasets to evaluate the linguistic
knowledge of language models [22, 38, 42, 71, i.a.], as well
as contrast sets in machine translation [59]. ASL-MTP is
the first minimal-pair dataset that focuses on phenomena-
specific sensitivity in sign language translation models.

As a case study, we apply minimal pair analysis with
ASL-MTP to SHuBERT+ByT5 [15], a state-of-the-art sign
language translation model that uses multiple input chan-
nels. This property of the model allows us to manipulate
information represented in each channel, to shed light on
whether the model extracts information in a manner that con-
forms to linguistic expectations. Specifically, we devise a
set of cue ablations where one or more channels are masked
from the input, and test whether doing so affects the model’s
performance on ASL-MTP, especially on phenomena that
rely upon the ablated cue. We find that when the model
has access to all cues, it performs above chance on 8 of the
9 phenomena in ASL-MTP. For one phenomenon, Polar
Questions, the model has a strong bias toward declarative
sentences over questions. When ablating cues, we find mixed
results in terms of the effect of ablation on model perfor-
mance. While the model is clearly affected by the lack of
hands, it is not always sensitive to losses in non-manual cues.
We also ablate cues at training time, inspired by controlled
rearing of language models [e.g., 44].

Our work contributes to finer-grained linguistic evaluation
of sign language translation models, and our case study

points to a need to improve the use of non-manual cues in a
state-of-the-art model.

2. Related Work

2.1. Sign Language Models
Sign language processing has traditionally been fragmented
into task-specific methods and models, with different archi-
tectures and designs. A primary bottleneck limiting unifi-
cation has been the scarcity of large datasets for pretrain-
ing. However, with the emergence of larger datasets such
as YouTube-ASL [68] (∼1,000 hours), recent years have
seen the rise of pretrained sign language models that can
be adapted with minimal fine-tuning for a variety of down-
stream tasks. Both supervised [68, 87] and self-supervised
approaches [54, 80] have advanced considerably, but most
large-scale ASL models remain inaccessible as their weights
are not publicly released. The only state-of-the-art ASL
model of which we are aware that is publicly available
and trained on substantial ASL data is SHUBERT [15],
which we use for our case study here. SHUBERT is a
self-supervised ASL video representation model, trained via
masked prediction of automatically learned discrete “tokens”
in multiple channels (hands, face, upper body pose), and
has been fine-tuned to obtain state-of-the-art performance on
multiple tasks (translation, isolated sign recognition, finger-
spelling detection). SHUBERT is described in more detail
in Sec. 4.1.

Evaluation of sign language models has typically re-
lied on high-level, task-specific measures such as BLEU
[49] and BLEURT [58] for translation [8, 61] and accuracy
for isolated sign recognition [31, 35, 46]. Some studies
have focused on isolated signs at the phonological level
[30, 32, 56, 67], while others on continuous signing have
evaluated models on individual linguistic phenomena, such
as intensification [24], phonetic reduction driven by dis-
course effects [23], and co-reference resolution of indexical
signs [85]. Task-specific measures often miss out on lin-
guistic nuances of sign language, while the existing targeted
analyses are limited to a single channel (the hands) or a
constrained setting (e.g., isolated signs).

2.2. Linguistic Analysis of Language Models
In contrast with standard task-oriented benchmarks, linguisti-
cally motivated analyses of language models (LMs) typically
involve a controlled approach to collecting data that isolates
a phenomenon of interest [17, 38, 43, 74, 79]. A standard
approach to evaluation in this space is the minimal pairs
paradigm [22, 71, etc.], in which the LM is provided with
pairs of sentences that differ in ways that are critical to the
phenomenon of interest, where one of them is acceptable and
the other unacceptable. As an example of a pair that can be
used to evaluate an LM on number agreement, consider “The



woman laughs.” vs. “*The woman laugh.”, which differ
only in the number agreement of the verb (laugh) with the
subject (woman). The LM is evaluated on a number of such
pairs, by comparing its “score” (usually, log-probability per
token) on each pair. Accuracy, then, is the proportion of time
the LM’s score for the acceptable sentence is greater than
for the unacceptable sentence.

There has been a concerted effort to build controlled
minimal-pair benchmarks for languages beyond written En-
glish [26, 62–64, 81]. The idea of translation minimal pairs
has been used to study machine translation models’ han-
dling of specific linguistic phenomena like agreement and
polarity [59]. ASL-MTP takes inspiration from these and
expands the tradition of minimal pair analysis to sign lan-
guages.

Recent studies have also analyzed linguistic behavior
in LMs by performing controlled training data ablation
[25, 34, 44, 50, 82, 84]. In these studies, targeted parts
of an LM’s training corpus are removed or “ablated” to test
whether models can recover this knowledge from other parts
of the corpus. In our case study, we take (loose) inspiration
from this approach and ablate specific channels in the model
(hands, body, face).

2.3. Manual and non-manual channels

Our work targets phenomena encoded across multiple chan-
nels, including the hands, face, and body. Signs encoded
in the hands are referred to as manual signs while facial
and body movements that convey grammatical functions are
referred to as non-manuals [28, 55, 69, i.a.]. For some phe-
nomena, such as Fingerspelling [7, 29] or Classifiers [4, 88],
the primary cues are only in the hands (manual signs); oth-
ers, such as Wh-Questions [3, 45], Negation [45, 70], and
Conditionals [2, 36, 37, 76, 78], have primary cues which
are both manual signs and non-manuals. For instance, Con-
ditionals are conveyed with both the manual sign IF and
the non-manual eyebrow raise. Finally, some sign language
phenomena are solely encoded through non-manuals. For
instance, a Polar Question (Are you ready?) differs from
its declarative counterpart (You are ready.) only in terms of
eyebrow raise [3, 73].

In general, manuals are considered to convey the bulk
of the content in sign language [6], but other cues also
contribute substantially, either as primary or secondary
cues [5, 41]. In fact, non-manual cues are prevalent across
linguistic domains [51, 77]: phonology [75], morphology
[1], syntax [36, 37, 45, 72], semantics and pragmatics
[11, 18, 27, 60]. We therefore expect successful sign lan-
guage models to use information from both manual and
non-manual channels.

3. ASL Minimal Translation Pairs

One of the main contributions of this work is ASL Minimal
Translation Pairs (ASL-MTP), a dataset to evaluate fine-
grained linguistic capacities of models that translate ASL
to English. ASL-MTP consists of 1,275 ASL videos along
with corresponding pairs of acceptable and unacceptable
written English translations. Since the acceptability of a
sentence depends on the extent to which it matches the ASL
video, we call the acceptable sentences “matched” and unac-
ceptable ones “mismatched”. The dataset is divided into 9
subsets, each of which targets a specific phenomenon.

The ASL videos and their corresponding sentences were
drawn from ASLLRP [47], a collection of 2,048 high-quality,
linguistically annotated ASL utterances, along with their En-
glish translations, produced by 4 signers. ASLLRP includes
annotations for manual signs (e.g., number of hands, hand
movements) and time-aligned non-manuals (e.g., head po-
sition and movements, mouth movements, eye gaze) along
with their grammatical functions (e.g., classifier, question,
conditional). These annotations, combined with the fact that
ASLLRP has not been widely used in the training of sign lan-
guage models, make it an ideal source for evaluating models.
Although the dataset is not large, it provides enough data
to evaluate models on the phenomena of interest and, as
we will see, to obtain statistically significant results in our
analyses (Sec. 4). Below we provide more details about our
phenomenon selection criteria and dataset construction, as
well as the intended usage of ASL-MTP for minimal pair
evaluation.

3.1. Details of ASL-MTP construction
Phenomena To investigate whether sign language models
rely on cues from multiple input channels, we selected 9 phe-
nomena that involve a range of channel combinations. Our
phenomena can be grouped into three subsets: 1) ones that
are mainly encoded in the hands—Numbers, Fingerspelling,
and Classifiers; 2) ones that are encoded in both the hands
and face—Negation, Wh-Questions, and Conditionals; and
3) ones that are predominantly encoded in the face—Polar
Questions. This grouping is not perfectly clean, because of
the existence of varying secondary cues—e.g., there are sev-
eral stimuli in our dataset where ‘Conditionals’ are signed
using non-manual cues. Therefore, we will discuss results
on such exceptional cases separately, when relevant.

Dataset Construction Tab. 1 shows a detailed descrip-
tion of our stimuli design methods, across the 9 phenomena.
Our general stimuli construction is as follows. First, we
queried ASLLRP for instances (consisting of a video, its
glossed version, and its English representation) suited for a
given phenomenon. Then, for each instance, we manipulated
its English translation by replacing certain words or rewrit-



Phenomenon Description Construction Minimal Pair Examples

Numbers
(N=119)

Manual signs with phonetically com-
plex handshapes and movements.

Filtering Criteria: Sentences containing
numerical values.
Manipulation: Replace number with a dif-
ferent number.

Matched: The movie starts at
7.
Mismatched: The movie starts
at 8.

Fingerspelling
(N=170)

Sequences of letter representations
of spoken words, signed using hand-
shapes. Mostly used for proper
nouns, technical terms, and borrow-
ings without established signs.

Filtering Criteria: Gloss annotations for
fingerspelling (e.g. ‘#A-N-N’).
Manipulation: Replace fingerspelled word
with another contextually acceptable word.

Matched: Ann hates fish but
likes chicken.
Mismatched: Beth hates fish
but likes chicken.

Classifiers
(N=150)

Signs denoting the salient semantic
properties of entities like size, shape,
and number. Handshape tends to
refer to entities and movement to
events.

Filtering Criteria: Gloss annotations with
"cl:" in their prefix.
Manipulation: Replace word signed as a
classifier with another contextually accept-
able word.

Matched: Are the friends (with
a two-handed DCL:C†) going
out?
Mismatched: Is the friend go-
ing out?

Conditional State-
ments (N=205)

If..., then... statements. Conveyed
with the manual sign IF with eye-
brow raise.

Filtering Criteria: Sentences containing
the conditional marker "if".
Manipulation: Replace if with when.

Matched: If I see my friend, I
will be thrilled.
Mismatched: When I see my
friend, I will be thrilled.

Negation vs. Posi-
tive (N=104)

Expressions of negative polarity in a
sentence, often through the manual
sign NOT and the non-manual head-
shake.

Filtering Criteria: Instances containing
explicit negation markers (i.e. “not” or con-
tractions with “n’t”).
Manipulation: Remove negation.

Matched: Bob hasn’t sent the
letter.
Mismatched: Bob has sent the
letter.

Positive vs. Nega-
tion (N=104)

Expressions of positive polarity in a
sentence, without negative manual
signs or headshake.

Filtering Criteria: Instances not contain-
ing explicit negation markers (i.e. “not” or
contractions with “n’t”).
Manipulation: Add negation word.

Matched: Bob read a book.
Mismatched: Bob didn’t read
a book.

Wh-Questions
(N=123)

Content questions formed by wh-
signs (what, who, where, when, why,
how) and the non-manuals eyebrow
lowering and/or head tilt.

Filtering Criteria: Sentences ending with
a “?” and containing at least one wh-word
(“what”, “when”, “who”, “where”, “why”,
“whom”, or “how”).
Manipulation: Replace wh-word with an-
other acceptable wh-word.

Matched: When did father ar-
rive home?
Mismatched: How did father
arrive home?

Polar Questions
vs. Declaratives
(N=150)

Polar questions formed only by the
non-manual eyebrow raise.

Filtering Criteria: Sentences ending with
a “?”, followed by manual verification for
Polar Questions.
Manipulation: Convert to declarative.

Matched: Are Jen and Joe mar-
ried?
Mismatched: Jen and Joe are
married.

Declaratives vs.
Polar Questions
(N=150)

Declarative sentences which do not
involve any question.

Filtering Criteria: Sentences that do not
end with a “?”.
Manipulation: Convert to polar question.

Matched: All the men left to-
gether.
Mismatched: Did all the men
leave together?

Table 1. Phenomena included in ASL-MTP, along with their sample sizes, descriptions, construction, and examples. † In the example for
classifiers, we show the difference in classifiers using ASLLRP notation: DCL - descriptive classifier, C - handshape. This classifier refers to
a group of friends and cannot refer to a singular entity.

ing it to target the phenomenon in question. Taking “Polar
Questions vs. Declaratives” as an example, we rewrote the
matched sentence Are Jen and Joe married? in its declara-
tive form to create its mismatched counterpart: Jen and Joe
are married. Importantly, both the matched and mismatched
utterances are grammatically correct—they differ in whether
they are a correct translation of the input ASL video, and
specifically in terms of the phenomenon in question. All of
these considerations, applied to ASLLRP, yield the focused

dataset ASL-MTP of 1,275 pairs across phenomena1.

3.2. Using ASL-MTP for Sign-Conditioned Minimal
Pair Analysis

To analyze a model’s behavior on the linguistic phenomena
described above, we adopt standard practice in minimal-
pair evaluation (see Sec. 2.2 for an overview), and com-
pare the model’s log-probabilities on the sentences in each
pair, when conditioned on the ASL input. Let D =

1ASL-MTP can be found here: https://github.com/serpilkarabuklu/SL-
Models-Analysis/blob/main/data/asl-mtp.csv



{(F1, a1, u1), . . . , (Fn, an, un)} be a phenomenon-specific
dataset whose entries comprise input features extracted from
the sign language video Fi ∈ RT×d (where T is the number
of frames) involving the phenomenon, a matched, ground-
truth reference sentence translation of the video ai, and a
minimally differing sentence ui that has been perturbed in
a targeted manner to be mismatched. We expect a model
that has mastery over the target phenomenon to find the
mismatched sentence ui more ‘surprising’, or unlikely, than
the matched sentence ai, when conditioned on the video
Fi. We measure the model’s (un)likelihood for a sentence
si := (x1, . . . , x|si|) by computing its conditional, per-token
surprisal (negative log-probability):

S(si) =
1

|si|

|si|∑
t=1

− log p(xt | x<t, Fi) (1)

We then compute the difference in surprisals for the mis-
matched and matched sentences:

∆Surprisali = S(ui)− S(ai) (2)

Insofar as a model is sensitive to the phenomenon that
governs the differences between ai and ui, we expect
∆Surprisali to be greater than 0. Accuracy, then, is the
proportion of pairs for which ∆Surprisal > 0. Since this
comparison is done over pairs, chance performance is 50%.

The basic use case we envision for ASL-MTP, then, is
to evaluate accuracy of an ASL-to-English translation model
(in the sense of accuracy defined above) on the 9 phenomena-
specific subsets. This framework provides a general method
to evaluate a model on a number of phenomena for which
minimal pairs can be created, given a fixed video. In our own
case study (Sec. 4), we further divide 2 of the 9 phenomena
into two subsets each, corresponding to those examples that
rely on non-manuals only vs. both manuals and non-manuals.

4. A Case Study
Next we use ASL-MTP for a case study, in which we
analyze an open, state-of-the-art ASL-to-English transla-
tion model. Specifically, we use ASL-MTP to (1) study
the model’s behavior on the 9 phenomena, in terms of the
surprisal-based accuracies defined above, and (2) analyze
the extent to which the model uses cues from the hand, body,
and facial information channels.

4.1. Model studied
Based on our research goal above, we define a set of crite-
ria that govern our choice of model: First, the model must
take in ASL video input and produce English translations,
in a manner that allows the extraction of token probabilities
(to facilitate analysis via surprisals). Second, it should en-
able control over the input channels that encode information

from the cues we aim to study—e.g., one should be able to
mask out information from the eyes while preserving other
cues (hands, mouth, body movements).2 Finally, the model
weights, training data, and training pipeline should be openly
available, and runnable on academic compute.

The only currently available model that meets these
criteria is the SHUBERT+ByT5 translation model from
Gueuwou et al. [15].3 This translation model combines
two jointly fine-tuned models: SHUBERT, a BERT-style
[12] encoder pretrained on 1,000 hours of continuous ASL
YouTube videos (combining subsets of YouTube-ASL [68]
and YouTube-SL-25 [66]), and the ByT5-Base text transla-
tion model [83].

SHUBERT takes inputs that are decomposed into four
channels: face (mouth and eye image crops), left hand
crops, right hand crops, and body pose keypoints. The face
and hand crops are represented using DINOv2 image fea-
tures [48]. The input channels can be manipulated in order to
measure SHUBERT’s use of information restricted to a par-
ticular channel. The translation model is trained to map from
ASL videos to English translations, using the next-token
prediction objective (here, the tokens are bytes) in an autore-
gressive manner. This means that we can use its next-token
probabilities to compute the log-probabilities needed for our
minimal pair analysis (see Sec. 3.2) In all of our experiments,
we either (1) use the translation model as is while manipu-
lating the input cues (i.e., at inference time) or (2) re-train
versions of SHUBERT with varying cues present, which
we again jointly fine-tune with ByT5, directly following the
training pipeline (including hyperparameters) of Gueuwou
et al. [15].

4.2. Cue Ablation
To understand the importance of different visual cues to the
model’s performance, we use a systematic ablation strategy
that masks specific features (corresponding to targeted cues)
in the input video frames. For example, if masking the hands
does not affect performance on a particular phenomenon,
this indicates that the model is not sensitive to handshape
and orientation (i.e., does not use these cues in predicting the
token probabilities) in examples of that phenomenon.4 We
use the keypoints returned from the MediaPipe library [39]
to detect the regions of interest, which are then selectively
greyed out in the video frames (see Fig. 2). We perform
these ablations either at inference time (Sec. 4.3) or during
training (Sec. 4.5).

We use the original SHUBERT+ByT5 model with the
full video input as our baseline condition, where no masking

2We note that this criterion is not necessary to use ASL-MTP or to
do surprisal-based analysis, but only to carry out our case study which
concerns the analysis of cue use.

3https://shubert.pals.ttic.edu/
4In this case, the model may still be sensitive to hand location, which is

encoded in the body pose.

https://shubert.pals.ttic.edu/
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Figure 2. Left: A depiction of how SHUBERT [15] is combined with an off-the-shelf language model (here, ByT5) to perform ASL-to-
English translation. Right: Examples of inputs provided to the model for the All Cues condition as well as the 8 Cue Ablations.

is performed, and refer to this as All Cues (AC). Then, to
isolate the impact of specific cues, we consider 8 ablations:
1) No Eyes & Brows (NE), where the eye and eyebrow re-
gions (involved in questions [3] and conditionals [36, 78])
are masked from the face channel; 2) No Mouth (NM),
where the mouth region is masked from the face channel,
thereby removing mouthing cues, which are often used for
disambiguation, or convey adjectival or adverbial meanings;
3) No Face (NF), where the entire face channel (eyes, eye-
brows, and mouth) is masked; 4) No Hands (NH), where the
hand channels are masked; 5) No Hands & Mouth (NHM),
where the mouth region of the face channel and the hand
channels are masked; 6) No Hands & Face (NHF), where
the hand and face channels are masked, thereby allowing us
to test if the model can use body pose alone, which is used
to indicate role shifting, contrast, and spatial organization;
7) No Hands & Body (NHB), where only the face channel
is retained; and 8) No Face & Body (NFB), where only the
hand channels are retained.

4.3. Experiment 1: Effect of Cue Ablations on Min-
imal Translation Pair Performance

Our first experiment evaluates SHUBERT+ByT5 on ASL-
MTP, specifically focusing on the effect of ablating input
cues at inference time, as discussed in Sec. 4.2. We quan-
tify the extent to which a model is sensitive to a given
set of cues by comparing its performance when those cues
are ablated to performance in the All Cues (AC) condition.

Tab. 2 shows the phenomenon-specific accuracies obtained
by SHUBERT+ByT5, each corresponding to a particular
cue ablation. We split the ‘Conditionals’ and ‘Polar Ques-
tions vs. Declaratives’ subsets of ASL-MTP into two rows
each—one corresponding to videos where the phenomenon
is represented only using non-manual cues, and the other
where both manual and non-manual cues are used, giving us
a total of 11 subsets. We do this to enable finer-grained anal-
ysis of model performance on cases exclusively requiring
sensitivity to non-manuals. Fig. 3 shows average ∆Surprisal
values across all phenomena and channel ablations.

Results with all cues We first summarize the results in the
“All Cues” condition, as this serves as the baseline against
which we will compare subsequent cue ablation results.
We find that the model performs above chance (50%) on
9 out of 11 subsets, showing particularly good performance
on Numbers, Fingerspelling, Wh-Questions, and Negation
vs. Positive, while performing substantially below chance
on both “Polar Questions vs. Declaratives” subsets (we re-
turn to this below). There is no clear relationship between
performance and the primary or secondary cue(s) involved
in a phenomenon, nor is there one between performance
and the cardinality of the categories involved; for example,
Numbers and Fingerspelling have large vocabularies while
Negation vs. Positive is a binary distinction, and all of these
have among the highest performance. Among the phenom-



ena on which the model performs above chance, it performs
the worst on Classifiers. Classifier meanings critically rely
on referents within the utterance [16, 88], suggesting that
analyses of classifier sign errors and reference may be a good
direction for future work.

Heavy reliance on hands When the hands are ablated (i.e.,
in the NH, NHM, NHF, and NHB conditions), the model
performs significantly worse than in the AC condition (often
worse than or close to chance) on Numbers, Fingerspelling,
Classifiers, Wh-Questions, Positive vs. Negation, and Con-
ditionals (NM only). This result is expected, as hands are
the most important source of information in sign language in
general [41] as well as a primary cue for these phenomena.5

When hands are not a primary cue (e.g. for the Condition-
als (NM only) subset), there is no significant performance
reduction when ablating the hands.

Poor sensitivity to non-manual cues The model is much
less sensitive to non-manual cues (e.g., head movements,
eyebrow raises), even on phenomena that explicitly rely on
these cues—Wh-Questions, Negation vs. Positive, Condi-
tionals, and Polar Questions vs. Declaratives. That is, its
accuracies on these phenomena are no different from those
in the AC condition when these cues are ablated. For exam-
ple, on the subset of the Conditionals that exclusively rely
on non-manual cues, we notice model insensitivity across
all cue-ablation conditions, but this could also be due to the
relatively small sample size (50). The only cases where we
do observe sensitivity to non-manual cues are in phenom-
ena that do not necessarily rely on them—e.g., the model
is significantly worse (relative to AC) in the absence of the
face and body pose (NF and/or NFB) for Numbers, Finger-
spelling, Classifiers, and Positive vs. Negation. This could
be because mouthing is sometimes used to disambiguate
certain signs, even when this is not a necessary cue, and the
presence of mouthing is not annotated in the data. Overall,
the model is not as sensitive to critical non-manual cues as
we might expect from linguistic intuition, despite having
access to these cues during training.

Declarative bias Among the phenomena tested, there
was a particularly wide gap between model accuracies on
“Declaratives vs. Polar Questions” and “Polar Questions vs.
Declaratives” in all experimental conditions. In particular,
the model shows a bias towards generating declarative sen-
tences over polar questions, in all cue ablation settings (seen
in both Table 2 and the ∆Surprisal results in Fig. 3.

5When we remove hands but not body pose (NH, NHM, NHF), we retain
information about hand location from the body pose, but lose important
handshape/orientation features.

4.4. Experiment 2: Surprisals vs. BLEURT
The results thus far suggest that SHUBERT+ByT5 is not
always sensitive to the various cues it is trained to use. While
we base these findings on our proposed surprisal analysis,
to what extent could they also be explained using standard
machine translation (MT) metrics, like BLEURT [58]? That
is, what does the minimal pair analysis buy us above and
beyond off-the-shelf translation measures?

An a priori argument against BLEURT (and other general
MT metrics) is that it is a global similarity measure between
reference and translation, and is not guaranteed to be sys-
tematically sensitive towards the phenomena in ASL-MTP.
Taking Wh-Questions as an example, a model might succeed
at recognizing the right Wh-word but produce a completely
wrong translation: In one example (in the All Cues condi-
tion), where the reference is Why do you have to move out
of San Diego?, the model produces Why do you think this is
ASL?. Here, the BLEURT score is poor (24.4) but it is not
due to an insensitivity to the Wh-word, but instead due to the
completely different meanings encoded in the two sentences
because of other word substitutions.

To confirm our a priori intuition, we obtain hypothe-
sized translations of the ASL-MTP inputs from the SHU-
BERT+ByT5 model (using beam search, as in Gueuwou
et al. [15]), and compute the average BLEURT scores be-
tween the model translations and the ground-truth reference
sentences. We report the resulting BLEURT scores across
phenomena and cue ablations in Tab. 3.

These results indeed confirm that BLEURT cannot un-
cover the distinctions in model behavior across phenomena
and input conditions that we found in the minimal pair anal-
ysis. First, there is very little variability in BLEURT scores
across phenomena. Presumably, as in our example above,
BLEURT is dominated by various differences in transla-
tions besides the specific ones we target. Second, for most
phenomena BLEURT is lower whenever the hands or body
are removed, again with little distinction among phenom-
ena. BLEURT is therefore unable to discover the model’s
insensitivity to certain non-manual cues in some phenom-
ena. Finally, we also measure the Pearson correlation be-
tween BLEURT and surprisal-based accuracy for each phe-
nomenon, and find generally poor to moderate correlations
(ranging from -.17 for ’Polar Questions vs. Declaratives’
to .36 for Numbers). These results are not surprising, but
reinforce the role of minimal pair analysis, which can help di-
agnose specific, linguistically interpretable model behaviors
that translation metrics do not reveal.

4.5. Experiment 3: Controlled Rearing of SHUBERT
Using Cue Ablations

There are multiple possible explanations for the results of the
inference-time cue ablation analysis of Experiment 1. One
possibility is that the ablated inputs are out of distribution



Phenomenon Primary Cue(s) Secondary Cue # AC NE NM NF NFB NH NHM NHF NHB

1. Numbers Hands 119 0.87 0.82 0.78 0.77 0.75 0.61 0.58 0.55 0.55
2. Fingerspelling Hands 170 0.78 0.75 0.70 0.72 0.68 0.49 0.46 0.43 0.49
3. Classifiers Hands 150 0.63 0.62 0.59 0.59 0.53 0.51 0.48 0.49 0.47
4. Wh-Questions Hands + Brow lowered Head shake 123 0.75 0.74 0.76 0.76 0.72 0.66 0.65 0.67 0.64
5. Negation vs. Positive Hands + Head shake 104 0.80 0.77 0.77 0.77 0.71 0.69 0.69 0.68 0.69
6. Positive vs. Negation Hands 104 0.65 0.68 0.62 0.66 0.53 0.34 0.34 0.28 0.29
7a. Conditionals Hands + Brow raise Head thrust, Body forward 155 0.70 0.72 0.66 0.70 0.72 0.56 0.51 0.54 0.59
7b. Conditionals (NM only) Brow raise Head thrust, Body forward 50 0.68 0.68 0.68 0.70 0.76 0.60 0.62 0.60 0.64
8. Declaratives vs. Polar Questions Hands 150 0.97 0.97 0.97 0.96 0.96 0.96 0.95 0.95 0.95
9a. Polar Qs vs. Declaratives Hands + Brow raise Head forward 57 0.04 0.04 0.04 0.05 0.04 0.05 0.05 0.04 0.04
9b. Polar Qs vs. Declaratives (NM only) Brow raise Head forward 93 0.09 0.09 0.09 0.09 0.10 0.15 0.14 0.09 0.13

Table 2. Phenomenon-wise surprisal-derived accuracies across inference conditions. Accuracy values are boldfaced if they are significantly
different from the accuracy on the ‘All Cues’ (AC) inference condition (p < .05, as measured by a two-tailed exact binomial test, with the
Bonferroni correction for multiple comparisons). “(NM only)” indicates that the stimuli in that subset involve only non-manual cues. “Hands”
refers to any number of cues related to handshape and orientation. Chance performance is 50%.
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Figure 3. Average difference in surprisal of mismatched and matched sentences across phenomena and across inference cue ablations.
Error bars indicate 95% confidence intervals. Stars (*) indicate significance test results for comparing the surprisal difference in a given cue
ablation to surprisal difference in the ‘All Cues’ condition (AC). *: p < .05; **: p < .01; ***: p < .001

Phenomenon Primary Cue(s) Secondary Cue # AC NE NM NF NFB NH NHM NHF NHB

1. Numbers Hands 119 0.50 0.50 0.47 0.48 0.43 0.28 0.28 0.26 0.32
2. Fingerspelling Hands 170 0.43 0.42 0.40 0.41 0.35 0.29 0.26 0.26 0.29
3. Classifiers Hands 150 0.44 0.43 0.41 0.41 0.36 0.28 0.26 0.26 0.29
4. Wh-Questions Hands + Brow lower Head shake 123 0.54 0.53 0.53 0.55 0.44 0.30 0.23 0.26 0.28
5. Negation vs. Positive Hands + Head shake 104 0.51 0.50 0.45 0.47 0.40 0.26 0.25 0.25 0.29
6. Positive vs. Negation Hands 104 0.47 0.47 0.44 0.45 0.39 0.29 0.26 0.24 0.29
7a. Conditionals Hands + Brow raise Head thrust, Body forward 155 0.45 0.45 0.43 0.43 0.38 0.28 0.25 0.27 0.31
7b. Conditionals (NM only) Brow raise Head thrust, Body forward 50 0.41 0.40 0.41 0.39 0.37 0.26 0.25 0.26 0.27
8. Declaratives vs. Polar Qs Hands 150 0.51 0.50 0.48 0.48 0.40 0.27 0.24 0.24 0.29
9a. Polar Qs vs. Declaratives Hands + Brow raise Head forward 57 0.41 0.41 0.39 0.40 0.36 0.21 0.21 0.23 0.23
9b. Polar Qs vs. Declaratives (NM only) Brow raise Head forward 93 0.52 0.50 0.48 0.49 0.45 0.20 0.17 0.25 0.25

Table 3. Phenomenon-wise BLEURT scores across inference conditions. Values are boldfaced if they are significantly different from the
BLEURT score in the ‘All Cues’ (AC) inference condition (p < .05, as measured by a t-test, with the Bonferroni correction for multiple
comparisons). “(NM only)” indicates that the stimuli in that subset involve only non-manual cues. “Hands” refers to any number of cues
related to handshape and orientation.



Phenomenon Primary Cue(s) Secondary Cue # AC NF NFB

1. Numbers Hands 119 0.87 0.76 0.73
2. Fingerspelling Hands 170 0.78 0.74 0.64
3. Classifiers Hands 150 0.63 0.63 0.58
4. Wh-Questions Hands + Brow lower Head shake 123 0.75 0.54 0.63
5. Negation vs. Positive Hands + Head shake 104 0.80 0.81 0.76
6. Positive vs. Negation Hands 104 0.65 0.62 0.62
7a. Conditionals Hands + Brow raise Head thrust, Body forward 155 0.70 0.89 0.61
7b. Conditionals (NM Only) Brow raise Head thrust, Body forward 50 0.68 0.72 0.46
8. Declaratives vs. Polar Questions Hands 150 0.97 0.96 0.95
9a. Polar Qs vs. Declaratives Hands + Brow raise 57 0.04 0.09 0.07
9b. Polar Qs vs. Declaratives (NM Only) Brow raise Head forward 93 0.09 0.11 0.04

Table 4. Phenomenon-wise accuracies across training conditions. The input channels match the training condition in each column. Values
are boldfaced if they are significantly different from the accuracy in the ‘All Cues’ (AC) inference condition (p < .05, as measured by
a two-tailed exact binomial test, with the Bonferroni correction for multiple comparisons). “(NM only)” indicates that the stimuli in that
subset only involved the usage of non-manual cues. “Hands” refers to any number of cues related to handshape and orientation. Chance
performance is 50%.

for the model, since it is trained on the full set of cues, so we
may not know how the model would behave if it were both
trained and tested with the ablated input. In particular, one
may wonder whether decreased performance when cues are
ablated is due to the train-test mismatch and not due to the
missing cue information.

To address this issue, we run “controlled rearing” exper-
iments [25, 33, 44, a.o.], where we train new variants of
SHUBERT with certain channels removed during training:
We mask out the features of the ablated channel(s), re-train
SHUBERT using the masked input, then combine it with
ByT5 and fine-tune as for the original SHUBERT+ByT5.
We follow the fine-tuning recipe in Gueuwou et al. [15]:
We first fine-tune on a large corpus of weakly aligned ASL-
English pairs (∼800K samples from the union of YouTube-
ASL [68] and the ASL part of YouTube-SL-25 [66]), and
then continue fine-tuning on a smaller (∼200K samples) but
more accurately aligned training set consisting of How2Sign
[13], ASL Stem Wiki [86], and OpenASL [61].

We conduct this experiment for two types of channel
ablations: One where the face is removed (NF), and one
where only the hands are retained (NFB). We perform our
surprisal-based minimal pair analysis, and compare accura-
cies in these conditions to those in the AC condition. Tab. 4
shows the phenomenon-specific accuracies, while Fig. 4 in
Appendix A shows average ∆Surprisal values.

For most phenomena, we see similar relative changes
from the AC condition, and the models are still susceptible
to declarative bias. While there are some differences (notably
for Wh-Questions and Conditionals), there is no consistent
improvement in performance between the inference-time
ablations and the controlled rearing setting. This suggests
that our inference-time ablation results are not explained
away by train-test mismatch. Additional investigation of
the reasons behind differences across phenomena is left for
future work.

5. Conclusion

ASL-MTP is, to our knowledge, the first dataset for minimal
pair analysis of linguistic phenomena in sign language trans-
lation models. We designed ASL-MTP to include various
sign language structures that use distinct channels (hands,
face, or body) to convey information. As a case study, we
have used ASL-MTP to analyze the strengths and weak-
nesses of a state-of-the-art ASL-to-English translation model.
We find that the model performs at above chance on almost
all tested phenomena, and in cue ablation studies shows
strong sensitivity to its hand input channel, but inconsistent
sensitivity to non-manual channels, despite being trained on
multi-channel inputs. Lastly, we have confirmed that stan-
dard machine translation evaluation (namely, BLEURT) can-
not uncover the same detailed distinctions as minimal-pair
analysis using ASL-MTP. Overall, the minimal-pair analy-
sis captures nuanced distinctions across linguistic structures
and specific errors, helping pinpoint targeted improvements
for future sign language models.

We hope that our work will inspire additional linguis-
tic studies of sign language models using ASL-MTP, as
well as additional minimal pair benchmarks, adding to the
tradition of linguistic analyses of language models. To the
extent that more sign language translation models will be
released publicly, ASL-MTP will enable comparative stud-
ies across models. Other potential directions for future work
include building larger datasets, perhaps via automatic or
semi-automatic discovery of phenomena-specific subsets in
sign language video corpora, and extension to additional
languages.
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A. Complementary Results
Figure 4 shows the average surprisal differences
(∆Surprisal) between the matched and the mismatched
translations for the training time cue-ablations (i.e.,
“controlled rearing”).
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Figure 4. Average difference in surprisal of mismatched and matched sentences across phenomena and across training ablations. Error bars
indicate 95% confidence intervals. Stars (*) indicate significance test results for comparing surprisal difference in a given cue ablation to
surprisal difference in the all cues condition (AC). *: p < .05; **: p < .01; ***: p < .001
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