To “Ba” or Not to “Ba”? LLM Surprisal as a Diagnostic of
Context-Sensitive Language Understanding in L2 Chinese

Shengjie Zhang
International Cultural Exchange School
Fudan University
shengjiezhang22@m. fudan.edu.cn

Abstract

Some difficulties in learning Chinese as a sec-
ond language (L2 Chinese) involve choosing
a sentence pattern that is grammatically well
formed but less natural in context. Mandarin
ba/SVO choice is one such case: learners may
avoid ba when the discourse favors it or ex-
tend it to contexts where SVO is more ap-
propriate. Because edit-based correction sys-
tems may leave both alternatives unchanged,
diagnosing these choices requires sensitivity
to discourse context, making the task a tar-
geted test of context-sensitive natural language
understanding (NLU). Using 200 controlled
discourse contexts, we examine whether autore-
gressive LLM surprisal can serve as a graded
diagnostic of this distinction. Across 21 open-
weight models, sentence-level mean surprisal
identifies the contextually preferred continu-
ation with a mean model-level accuracy of
87.93%, whereas a MacBERT-based correc-
tion baseline misses most contextually non-
preferred continuations. Relevant context gen-
erally lowers surprisal for the intended con-
tinuation, and sentence-level scoring is more
reliable than first-token scoring, whose inter-
pretation varies with tokenizer granularity. The
results suggest that surprisal can complement
edit-based correction in L2 pragmatic assess-
ment, while cross-model asymmetries, struc-
tural preference biases, and tokenizer effects
underscore the need for construction-specific
controls and human interpretation when evalu-
ating context-sensitive NLU. !

1 Introduction

Some difficulties in L2 Chinese concern not
whether a sentence is grammatical, but whether
a particular sentence pattern is natural in its dis-
course context. The Mandarin ba (%) construc-
tion provides a clear example. It places an af-
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fected object before the verb and is associated
with disposal, affectedness, and event bounded-
ness. L2 learners may avoid ba when the discourse
favors it, or extend it to contexts where a subject—
verb—object (SVO) continuation is more natural
(Schachter, 1974; Odlin, 1989; Xing, 2006). In
both cases, the resulting continuation may be syn-
tactically well formed while remaining contextually
non-preferred.

This distinction is difficult for conventional
edit-based Chinese Grammatical Error Correction
(CGEC). Such systems are primarily designed
to identify overt form problems, including incor-
rect characters, missing or redundant words, and
sentence-internal grammatical errors. When both
BA and SVO alternatives are well formed, an edit-
or-accept system may leave both unchanged even
though one fits the preceding discourse less well.
A complementary diagnostic is therefore needed
for cases in which the relevant problem is con-
textual preference rather than grammatical well-
formedness.

Before LLM surprisal can be used for this pur-
pose, it is necessary to establish that model prob-
abilities are sensitive to the relevant discourse dis-
tinction. This makes L2 pragmatic diagnosis a
targeted test of context-sensitive natural language
understanding (NLU). The model must distinguish
between two locally well-formed continuations on
the basis of the preceding context. Benchmarks
such as BLiMP and CLiMP have shown how model
probabilities can be used to evaluate controlled lin-
guistic contrasts (Warstadt et al., 2020; Xiang et al.,
2021), but their contrasts primarily distinguish ac-
ceptable from unacceptable sentences. The present
task instead asks whether a model prefers the more
natural member of a context-dependent BA/SVO
contrast.

We operationalize this sensitivity using autore-
gressive surprisal, the negative log probability of
a continuation, S = —In P. Lower surprisal in-
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Figure 1: Overview of the evaluation paradigm. The MacBERT baseline is evaluated as an edit-based correction
system, while LLM surprisal is evaluated through controlled BA/SVO contrasts. The comparison tests whether a
model can prefer the continuation that is more natural in context.

dicates that the model finds a continuation more
expected in the supplied context (Hale, 2001; Levy,
2008; Goodkind and Bicknell, 2018). We con-
duct three linked analyses. First, we test whether
sentence-level surprisal favors the contextually pre-
ferred BA or SVO continuation and compare this
graded diagnostic with a MacBERT-based correc-
tion baseline. Second, we compare the surprisal
of the intended continuation with and without the
preceding context to measure contextual facilita-
tion. Third, we compare sentence-level and first-
token surprisal to determine which scoring gran-
ularity provides the more reliable diagnostic (see
Figure 1).
This study makes three contributions:

* A diagnostic formulation of L2 prag-
matic choice. We show why contextually
non-preferred but syntactically well-formed
BA/SVO choices require a graded diagnostic
that complements edit-based correction.

* A targeted evaluation of context-sensitive
NLU. We introduce controlled BA/SVO
contrasts that test whether LLM probabili-
ties align with human-reviewed contextual
preferences relevant to avoidance-like and
overgeneralization-like choices in L2 Chinese.

* A thorough empirical analysis of diagnos-
tic reliability. Across 21 autoregressive mod-
els, we examine contextual preference, contex-
tual facilitation, and scoring granularity. The
results show that observed context-sensitive
NLU varies across models and structural pref-
erences, while its measurement is also sensi-
tive to tokenization and scoring choices.

2 Related Work

2.1 L2 Acquisition of the “Ba” Construction

The ba (1) construction is a well-studied but ped-
agogically difficult construction in Mandarin. Clas-
sic descriptions analyze ba as a construction asso-
ciated with disposal, affectedness, definiteness of
the object, and a bounded event outcome (Chao,
1968; Li and Thompson, 1981; Liu, 1997; Sybesma,
1999). These properties make ba especially nat-
ural in contexts where an action brings about a
change of state, physical displacement, or resulta-
tive/directional completion. They also make the
construction difficult to characterize as a syntactic
alternation with the SVO alternative. The choice
between the ba construction and an SVO sentence
depends on how the event is packaged in discourse.

For L2 learners, the difficulty is therefore
not only the surface ba frame (ba—Object—Verb—
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Complement), but also the semantic and discourse
conditions that license it. Learners may avoid a dif-
ficult target construction and turn to a less marked
alternative (Schachter, 1974; Odlin, 1989); for ba,
this corresponds to using SVO even when the con-
text favors a ba construction (Xing, 2006). Con-
versely, learners may overgeneralize an acquired
form after intensive training (Selinker, 1972; El-
lis, 1994), extending ba to contexts that do not
satisfy its usual semantic or discourse conditions.
In the present study, BA-preferred contexts model
avoidance-like cases, while SVO-preferred con-
texts model overgeneralization-like cases. Since
both alternatives can be syntactically well formed,
the relevant contrast is about pragmatic naturalness
in context.

2.2 From Form Correction to
Context-Sensitive Assessment

Chinese Grammatical Error Correction (CGEC)
is commonly formulated as an edit-based task in
which a system either rewrites an erroneous learner
sentence or leaves it unchanged. Resources such
as MuCGEC support this formulation by providing
multiple reference corrections for Chinese learner
texts (Zhang et al., 2022). This approach is well
suited to overt form problems, including incor-
rect characters, missing or redundant words, and
sentence-internal grammatical errors.

Contextually non-preferred BA/SVO choices
pose a different problem. Both alternatives may be
syntactically well formed, while differing in how
naturally they fit the preceding discourse. An SVO
continuation may be less natural when the con-
text highlights disposal, affectedness, or a bounded
result. Conversely, a locally well-formed ba con-
tinuation may be less appropriate in a habitual or
unbounded event description. Because neither alter-
native necessarily contains an overt form error, an
edit-or-accept system may leave both unchanged.

We therefore use a MacBERT-based correction
model as an edit-based baseline (Cui et al., 2020).
It illustrates what an edit-based interface explic-
itly detects when the relevant distinction concerns
discourse fit rather than sentence-internal well-
formedness. This motivates a complementary di-
agnostic that represents contextual preference as a
graded signal.

2.3 Surprisal as a Diagnostic of
Context-Sensitive NLU

Surprisal quantifies how strongly a language model
expects a continuation. It is defined as the neg-
ative log probability of a token sequence given
its preceding context, so lower surprisal indicates
greater model expectation. In psycholinguistics,
surprisal has been used to relate probabilistic lan-
guage expectations to human processing difficulty
(Hale, 2001; Levy, 2008). Surprisal estimates from
stronger language models have also been found to
better predict aspects of reading behavior (Good-
kind and Bicknell, 2018; Wilcox et al., 2020).

Surprisal does not by itself demonstrate language
understanding. However, it can provide an observ-
able measure of context sensitivity. If a model uses
the preceding discourse to distinguish between BA
and SVO, it should assign lower surprisal to the
continuation judged more natural in that context.
This makes surprisal relevant to L2 assessment: a
well-formed learner production may still receive
a weaker probability-based preference because it
does not fit the discourse. Recent work has simi-
larly used model-derived surprisal to examine L2
development and sensitivity to form—meaning map-
pings (Cong, 2025a,b).

The present study tests whether this probability-
based signal is suitable for diagnosing discourse-
conditioned BA/SVO choice. We ask whether
models systematically favor the human-reviewed
preferred continuation, whether adding the rel-
evant context facilitates that continuation, and
whether the resulting signal remains reliable across
sentence-level (the mean negative log probability
over all scored tokens in the target) and first-token
(the negative log probability of the first scored to-
ken of the continuation) scoring. These analyses
separate three issues: whether the model distin-
guishes the contextual preference, whether that
preference is sensitive to discourse information,
and whether it can be measured consistently across
models and tokenizers.

3 Experimental Design

3.1 Overall Hypotheses

The experimental design evaluates whether LLM
surprisal can provide a context-sensitive diagnos-
tic for BA/SVO choices relevant to L2 Chinese
assessment. H1 (Hypothesis 1) concerns diagnos-
tic discrimination: sentence-level surprisal should
be lower for the contextually preferred continua-
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tion, whereas the CGEC baseline may leave both
syntactically well-formed alternatives unchanged.
H2 concerns contextual facilitation: adding the
relevant discourse context should reduce the sur-
prisal of the intended continuation. H3 concerns
diagnostic reliability across scoring granularities:
sentence-level surprisal over the full continuation
should provide a more stable preference signal than
first-token surprisal at the initial BA/SVO choice
point (ba marker in BA continuations or the initial
verb in SVO continuations).

3.2 Dataset

We constructed a controlled evaluation dataset with
800 scored target continuations. The dataset con-
tains 200 discourse contexts, each paired with a ba
continuation and an SVO continuation. This yields
400 contextualized target continuations. We also
created a contextless counterpart for each continua-
tion by removing the preceding discourse context,
yielding another 400 scored continuation instances.

The contextualized subset is divided into two
types. BA-preferred contexts include 100 con-
texts that favor the ba continuation: 50 involve
physical state change and 50 involve spatial dis-
placement. In these items, the ba continuation
is contextually preferred and the SVO continua-
tion is non-preferred. SVO-preferred contexts
include 100 contexts where SVO is more natural:
50 involve habitual actions and 50 involve narra-
tive or routine event descriptions. In these items,
the SVO continuation is contextually preferred and
the ba continuation is non-preferred. Represen-
tative examples are shown in Table 1. Detailed
pinyin, glosses, and translations are provided in
Appendix A.

The contextless condition is used for H2. It al-
lows us to compare the same continuation with
and without the licensing context, and therefore
to test whether surprisal changes when discourse
information is supplied.

All items were first screened with a T5 Chinese
correction model (Raffel et al., 2020; Xu, 2022)
as an auxiliary check. T5 left 78.0% of sentences
unchanged. Because many suggested edits were un-
necessary surface changes, final validation was con-
ducted by 6 graduate student volunteers in Teach-
ing Chinese to Speakers of Other Languages (TC-
SOL). The review checked the intended pragmatic
category, the syntactic well-formedness of both
continuations, and the absence of typographical
eITors.

3.3 Model Selection

We evaluate 21 autoregressive LLMs and one
MacBERT-based correction baseline. The LLM
set covers Chinese-oriented and English-centric
model families, with parameter sizes ranging from
410M to 14B.

Correction baseline. We use a MacBERT-based
correction model as an edit-based CGEC baseline
(Cui et al., 2020). This baseline is not intended as a
discourse-level pragmatic evaluator. It is included
to test what an edit-or-accept correction interface
detects or misses when both BA and SVO alterna-
tives are syntactically well formed.

Autoregressive LLMs. The autoregressive
LLMs are among the most powerful models as of
writing, including Chinese-oriented model families
such as Qwen2.5 (0.5B, 1.5B, 3B, 7B, 14B) (Qwen
Team, 2024), Qwen3 (0.6B, 1.7B, 4B, 8B, 14B)
(Qwen Team, 2025), InternLM2.5-7B-Base (Cai
et al., 2024; InternLM Team, 2024), GLM-4-9B-
Base (THUDM, 2024), and Yi-1.5 (6B, 9B) (Young
et al., 2024; 01.AI, 2024). For comparison, we also
include widely used English-dominant or multilin-
gual model families: Llama-2-7B-Base (Touvron
et al., 2023), Llama-3-8B-Base and Llama-3.1-8B-
Instruct (Dubey et al., 2024), Mistral-7B-v0.3-Base
(Jiang et al., 2023; Mistral Al, 2024), and Pythia
(410M, 1.4B, 2.8B) (Biderman et al., 2023).

3.4 Surprisal Metrics

For each item, the model receives a prefix and a tar-
get continuation. In the contextualized condition,
the prefix is the discourse context C; in the context-
less condition, the prefix is empty &. Surprisal is
computed only over the target continuation tokens,
not over the context itself. Thus, in the contextu-
alized condition we estimate S(T" | C'), where T’
is either the BA or SVO continuation. Since the
implementation uses natural-log cross-entropy, all
surprisal values are reported in nats.

Sentence-level mean surprisal (Sseptence) i the
average negative log probability over all scored
tokens in the target continuation. This metric is
used for H1 and H2:

N
1
Ssentence(T | C) = N Z —In P(wl | C, w<i).

i=1
€]
We use the mean surprisal so that longer continua-
tions are not automatically penalized for containing
more tokens.
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Context Type Category Context Preferred Completion Non-preferred
Completion
BA-preferred Physical state AR IEFIRT vV Ba: fUEHIT o (threw #SVO: P37 E - (threw
change ... (The apple has it away.) it away.)
gone bad, L...)
BA-preferred Spatial displacement /i EAVIRD & FRE v Ba: fLEZEHRE #SVO: EHEFR

- A (The

T - (took it out.) T . (took it out.)

contract in the drawer was

very important, I...)
B ARE EVGBEY,

SVO-preferred Habitual actions

RTFHEER

... (My younger

v SVO: B EEK - (play

soccer.)

#Ba: LEBKB T - (play

soccer.)

brother loves sports; he
goes to the playground

every afternoon to...)

WERRZ A T, Fore B
AT —2 )L, REE

Narrative / schedule
routine

SVO-preferred

v SVO: AT AR
Joit o (lit that candle.)

# Ba: 1EBLAR I b 5
T - (lit that candle.)

E...... (The power
went out last night. I sat in
the dark for a while, then
went to the kitchen and...)

Table 1: Representative controlled BA/SVO contrasts used in the evaluation. v* indicates the contextually preferred
continuation; # indicates a syntactically well-formed but pragmatically infelicitous alternative. Literal translations

provided.

First-token surprisal (Sg.<t) is the negative log
probability of the first scored model token in the
target continuation. This metric is used for H3:

Shrst(T'| C) = —In P(w; | C). 2

For BA continuations, this token usually corre-
sponds to the ba marker; for SVO continuations,
it usually corresponds to the first main verb or the
first token of the SVO continuation. All contextu-
alized stimuli were constructed so that this choice
point is preceded by the discourse context, ensuring
that first-token surprisal is computed conditionally
rather than as an unconditioned sentence-initial
score. The underlined portions in Table 1 illustrate
these positions, such as 1 in a ba continuation or
the first verb in an SVO continuation.

3.5 Specific Analyses by Hypothesis

3.5.1 H1: Correction Baseline and LLM
Surprisal

To address H1, we test whether an edit-based cor-
rection interface can diagnose context-conditioned
BA/SVO choices, and whether sentence-level LLM
surprisal can select the contextually preferred con-
tinuation. For the MacBERT baseline, we evaluate
400 full contextualized sentences, corresponding
to 200 minimal pairs. Each input is the preceding
context concatenated with one target continuation.
We treat any non-empty correction output as an

error flag and an unchanged output as acceptance,
and compute the miss rate for non-preferred con-
tinuations, the acceptance rate for preferred contin-
uations, pair-level edit/accept accuracy, and strict
construction-level correction accuracy.

For the 21 autoregressive LLMs, we compute
sentence-level mean surprisal for the BA and SVO
continuations in each contextualized minimal pair.
A model is counted as correct if it assigns lower
surprisal to the contextually preferred continuation.
In a BA-preferred context, this means:

Ssentence(BA ’ C) < Ssentence(svo | C) (3)

In an SVO-preferred context, the inequality is re-
versed. We report BA-preferred accuracy, SVO-
preferred accuracy, and overall accuracy for each
model.

3.5.2 H2: Context and No-context
Comparison

H2 tests whether the preceding discourse context

reduces the surprisal of the intended continuation.

For each contextually preferred continuation 7', we

compute sentence-level surprisal reduction as

AS = Seent (T | @) — Ssent (T | C). (4)

In BA-preferred contexts, 1" is the ba continuation;
in SVO-preferred contexts, 71" is the SVO contin-
uation. A positive AS indicates that the intended
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continuation becomes more predictable when the
relevant context is supplied. We interpret this quan-
tity as contextual facilitation.

As a stricter check, we also compute SVO-to-BA
preference reversals in BA-preferred contexts. A
reversal occurs when a model assigns lower sur-
prisal to the SVO continuation without context, but
lower surprisal to the ba continuation after the BA-
licensing context is supplied.

3.5.3 H3: Sentence-level and First-token
Surprisal

H3 asks whether the contextual naturalness of
BA/SVO continuations is better captured by
sentence-level mean surprisal over the full target
continuation or by first-token surprisal at the ini-
tial choice point. Prior work on language model
evaluation and L2 surprisal has shown that local
target-word or critical-word surprisal can be infor-
mative for syntactic and developmental analysis
(Marvin and Linzen, 2018; Hu et al., 2020; Cong,
2025b). This makes the initial BA/SVO choice
point a plausible diagnostic candidate.

However, we hypothesize that sentence-level sur-
prisal will be more reliable for the present phe-
nomenon. The felicity of ba is not determined by
the marker alone, but by the larger constructional
sequence involving the affected object, verb, and
resultative, directional, or otherwise bounded pred-
icate. In addition, first-token scores may be sensi-
tive to Chinese tokenization. We therefore evaluate
both Sgentence and Sgrt in the contextualized con-
dition using the same minimal-pair decision rule
as in H1: a model is correct when the contextually
preferred continuation receives lower surprisal. We
then compare model-level accuracy under the two
granularities and report a tokenizer diagnostic in
Appendix D.

4 Results

4.1 Correction Baseline and LLLM Surprisal
for Pragmatic Discrimination

H1 compares an edit-based CGEC baseline
with sentence-level LLM surprisal on context-
conditioned BA/SVO choice. Table 2 summarizes
the MacBERT baseline results.

MacBERT missed 97.0% of the pragmatically
infelicitous continuations and produced the cor-
rect pair-level edit/accept pattern in only 1.0% of
cases. None of its edits constituted a construction-
level BA/SVO correction. This pattern reflects a

Scope Infel. Miss Fel. Accept Pair Acc. Const. Corr.
All contexts 97.0% 97.5% 1.0% 0.0%
BA-preferred 99.0% 99.0% 1.0% 0.0%
SVO-preferred  95.0% 96.0% 1.0% 0.0%

Table 2: MacBERT baseline performance. Infel. Miss
= infelicitous continuations accepted without edits; Fel.
Accept = felicitous continuations accepted without ed-
its; Pair Acc. = preferred accepted and non-preferred
flagged within the same minimal pair; Const. Corr. =
non-preferred continuation rewritten into the paired pre-
ferred BA/SVO alternative.

mismatch: both alternatives are syntactically well
formed, and the infelicity lies in the relation be-
tween the continuation and the preceding discourse,
not in the sentence string alone.

By contrast, sentence-level LLLM surprisal pro-
vides a usable preference signal. Across the 21
autoregressive LLMs, the mean model-level ac-
curacy was 87.93%, with higher accuracy in BA-
preferred than in SVO-preferred contexts (92.05%
vs. 83.81%). Qwen3-14B-Base achieved the high-
est overall accuracy (93.50%), while Pythia-410M-
Base was lowest (77.50%). The full ranking and
paired surprisal-differential plots are provided in
Appendix B.1 and Appendix B.2.

The model-level pattern is not reducible to
parameter scale. As shown in Appendix B,
Qwen2.5-1.5B-Base and Qwen2.5-3B-Base both
reach 90.50%, matching Qwen2.5-14B-Base, and
Qwen3-0.6B-Base reaches 87.00%. A more infor-
mative pattern is the BA-SVO balance gap: Pythia-
410M-Base and Llama-2-7B-Base reach 100.00%
in BA-preferred contexts but only 55.00% and
65.00% in SVO-preferred contexts, while Pythia-
1.4B-Base and Pythia-2.8B-Base show similar gaps
(97.00%/71.00% and 96.00%/70.00%). These
asymmetries suggest that high BA-preferred ac-
curacy can reflect a bias toward the marked ba con-
tinuation rather than balanced sensitivity to both
avoidance and overgeneralization, classic cases in
L2 development.

The contrast between Qwen (Chinese-oriented)
and the Llama-2/Pythia models (English-centric
or general-purpose) suggests that stronger perfor-
mance depends on balanced calibration of BA and
SVO preferences, not simply on assigning low sur-
prisal to well-formed ba sentences. This points
to the need for construction-sensitive evaluation
that tests both the licensing and overextension of
marked constructions.
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Figure 2: Mean surprisal reduction after adding context,
computed as AS = Sgont (T | D) — Ssent (T | C).

4.2 Contextual Facilitation

To address H2, we ask whether adding the relevant
discourse context makes the licensed continuation
less surprising. Figure 2 shows positive mean sur-
prisal reductions across models, indicating that the
supplied context generally facilitates the intended
continuation. The size of this effect varies by
model and by context type. Qwen3-8B-Base shows
large reductions in both BA-preferred and SVO-
preferred contexts, suggesting relatively balanced
contextual facilitation. Qwen2.5-0.5B-Base shows
an especially large reduction in SVO-preferred con-
texts, but its H1 accuracy remains less balanced
than the strongest Qwen models, indicating that a
large AS alone does not guarantee balanced prag-
matic discrimination. By contrast, Llama-2-7B-
Base and the Pythia models show smaller reduc-
tions and low reversal rates, suggesting weaker
context-driven reweighting or a stronger context-
independent structural preference.

As a stricter check, we also computed preference
reversals in BA-preferred contexts: cases where
a model preferred SVO without context but pre-
ferred the ba continuation after the BA-licensing
context was supplied. The highest reversal rates
occur for Yi-1.5-6B-Base and Qwen2.5-1.5B-Base,
while Llama-2-7B-Base, Llama-3-8B-Base, and
several Pythia models show near-zero reversal rates.

Low reversal should be interpreted cautiously: it
can reflect weak contextual coercion, but it can
also occur when a model already prefers ba before
context is added. Model preferences between the
BA and SVO continuations without context are re-
ported in Appendix C.1. The full reversal-rate plot
is provided in Appendix C.2.

4.3 Granularity of Pragmatic Evaluation

The results support H3: sentence-level surprisal is
a more reliable metric than first-token surprisal
for BA/SVO pragmatic discrimination. Across
the 21 autoregressive LL.Ms, mean sentence-level
accuracy was 87.93%, compared with 57.50%
for first-token accuracy. A two-sided paired ¢-
test across models confirmed the difference (p =
1.05 x 10~%). As shown in Figure 3, the mod-
els fall below the diagonal, indicating consistently
higher accuracy for sentence-level evaluation. Sev-
eral models illustrate this pattern. Qwen3-14B-
Base achieved the highest sentence-level accuracy
(93.50%), followed by Llama-3-8B-Base (92.00%)
and GLM-4-9B-Base and Mistral-7B-v0.3-Base
(both 91.50%). These high sentence-level scores do
not translate into equally high first-token accuracy.
For example, Qwen3-14B-Base reaches 75.50%
first-token accuracy, while Mistral-7B-v0.3-Base
falls to 0.00%. The strongest first-token results
are Qwen2.5-3B-Base (78.50%), Qwen2.5-14B-
Base (78.00%), Llama-3-8B-Base (77.50%), and
Qwen3-0.6B-Base (76.00%), but these still remain
below their corresponding sentence-level accura-
cies. The full model-level breakdown is provided
in Appendix D.

This gap is linguistically informative. Although
local target-word surprisal can be useful in other
settings, the Mandarin ba construction is not li-
censed by the marker ba alone. Its felicity de-
pends on a larger constructional configuration: ba
plus a definite affected object, a transitive verb,
and typically a resultative, directional, or otherwise
bounded predicate. First-token surprisal only mea-
sures the probability of the initial structural choice,
before the model observes the ba—object—verb—
complement sequence that determines whether the
event is compatible with a ba construal. Sentence-
level surprisal is therefore better aligned with the
linguistic unit being evaluated.

The first-token metric is also less stable across
tokenizers. Four models (Mistral-7B-v0.3-Base,
Yi-1.5-6B-Base, Yi-1.5-9B-Base, and Llama-2-7B-
Base) show 0.00% first-token accuracy despite
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Figure 3: Granularity comparison. The x-axis is
sentence-level accuracy and the y-axis is first-token
accuracy. Points below the dashed diagonal indicate
higher accuracy for sentence-level surprisal.

much higher sentence-level accuracy. A tokenizer
diagnostic over all 400 contextualized continua-
tions (Appendix D, Table 7) shows that the first
model token is not always a linguistically meaning-
ful Chinese character. In such cases, the measured
“first token” is not necessarily the linguistic marker
under analysis. This pattern is consistent with our
expectation that first-token surprisal is vulnerable
to tokenization artifacts in cross-model evaluation
of Chinese constructions (Haslett, 2025). Sentence-
level surprisal, by averaging over the full contin-
uation, is less sensitive to this local segmentation
problem and provides the more reliable diagnostic
signal for the present context-sensitive assessment
task.

5 Discussion and Implications

The findings provide qualified evidence that LLM
surprisal captures the context-sensitive NLU re-
quired for diagnosing L2-relevant BA/SVO choices.
Here, context-sensitive NLU is defined narrowly
as ranking two locally well-formed continuations
by their fit with the preceding discourse. The
MacBERT-based baseline leaves most contextually
non-preferred alternatives unchanged, whereas au-
toregressive surprisal generally favors the human-
reviewed intended continuation.

However, this sensitivity remains uneven and
measurement-dependent. Relevant context gen-
erally lowers surprisal for the intended continua-

tion, and preference reversals show that context
can alter the relative BA/SVO preference. Yet
surprisal reduction may also reflect greater lex-
ical or event predictability, so it does not by it-
self establish construction-specific pragmatic un-
derstanding. Sentence-level scoring is more reli-
able than first-token scoring, suggesting that the
relevant signal extends beyond the initial choice
point. Cross-model results further show that pa-
rameter count alone does not explain performance.
Chinese-oriented families, particularly Qwen, tend
to show smaller BA-SVO gaps, whereas several
Llama-2 and Pythia models display a stronger pref-
erence for ba across context types. Because train-
ing data, architecture, scale, instruction tuning, and
tokenization vary together, the observed family-
level differences cannot be attributed to any single
model property.

For L2 Chinese pedagogy, this research is impor-
tant because avoidance-like and overgeneralization-
like cases require different feedback. A learner
who uses SVO in a BA-favoring context may need
help noticing affectedness, disposal, or bounded
result. A learner who overuses ba may need help
identifying contexts where SVO is the more nat-
ural event description. Surprisal can help locate
where context-sensitive feedback is needed, but it
cannot by itself provide an adequate pedagogical
explanation. Practical use would require validation
on authentic learner productions, human-informed
decision criteria, and continued teacher oversight.

6 Conclusion

This study begins from an L2 Chinese assessment
problem: BA/SVO choices may be grammatically
well formed but less natural in a particular dis-
course context. We ask whether LLM surprisal is
sufficiently sensitive to this distinction to serve as
a complementary diagnostic. Across 21 autoregres-
sive models, sentence-level surprisal generally fa-
vors the intended continuation, while a MacBERT-
based correction baseline leaves most contextually
non-preferred alternatives unchanged. Contextual
facilitation and scoring-granularity analyses further
show that the diagnostic depends on both discourse
information and the linguistic region over which
surprisal is measured.

These findings suggest that context-sensitive
NLU can support L2 pragmatic diagnosis, but they
do not establish human-like pragmatic understand-
ing or a ready-to-use correction system. Cross-
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model asymmetries, BA preference biases, and tok-
enizer effects require construction-specific controls
and human interpretation. Surprisal is therefore
best treated as a graded supplement to edit-based
correction and teacher judgment. More broadly,
this study illustrates how probabilities from LLMs
can be used to investigate language behavior be-
yond text generation and automatic classification.

Limitations

Controlled rather than authentic learner data
The dataset consists of controlled BA/SVO con-
trasts rather than authentic learner productions. The
contexts are short and single-turn. This keeps the
conditions clear, but it does not test longer dis-
course dependencies. This design isolates contex-
tual preference, but real learner texts contain in-
teracting lexical, orthographic, morphosyntactic,
and discourse-level problems. The present findings
therefore establish diagnostic potential under con-
trolled conditions, not performance on naturally
occurring learner errors.

Human validation of contextual preference
The intended preferences were established through
expert review rather than a formal acceptability ex-
periment. They should therefore be interpreted
as designed contextual preferences rather than
population-level estimates of native-speaker judg-
ment. Future work should obtain blinded ratings
from multiple native speakers and examine whether
surprisal differences correlate with graded human
judgments.

Interpretation of contextual facilitation H?2 de-
fines contextual facilitation as the difference be-
tween the surprisal of the same intended contin-
uation without and with its preceding context. A
positive value shows that the continuation becomes
more predictable when context is supplied, but the
reduction may reflect both construction-related in-
formation and more general lexical or event pre-
dictability. The BA and SVO continuations were
not uniformly matched for lexical material, aspec-
tual marking, or boundedness, and cues such as le
(1) may therefore contribute to the observed align-
ment asymmetry. Preference reversals provide a
stricter, although narrower, indication that context
changes relative BA/SVO preference.

Pedagogical validation The study does not
test whether surprisal-based diagnostics improve
teacher decisions, learner feedback, or learning

outcomes. Practical application would require vali-
dation on authentic learner data, criteria for distin-
guishing strong preferences from acceptable varia-
tion, and an explanation component that converts
model probabilities into linguistically and pedagog-
ically appropriate feedback.

Ethics Statement

This study does not involve the collection or pro-
cessing of any sensitive personal data, personally
identifiable information (PII), or real-world user
text. The evaluation dataset comprising 800 scored
target continuations was constructed for this study
and manually verified by graduate student volun-
teers in Teaching Chinese to Speakers of Other Lan-
guages (TCSOL) for the sole purpose of controlled
computational evaluation. The primary intended
use of this surprisal-based diagnostic methodol-
ogy is to serve as a supplementary, formative tool
to assist language educators and L2 learners in
understanding implicit pragmatic constraints. Hu-
man oversight remains necessary when interpreting
probabilistic model outputs for pedagogical use.
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A Annotated Stimulus Examples

This appendix provides fully annotated examples of the contextual minimal pairs used in the evaluation.
Table 3 and Table 4 present a compressed version with pinyin, glosses, or translations in Appendix A.

Category Context Target Completions
Physical State Change IEAERAT, Ke.... BA Sentence
(That apple went bad, I...) viiEE D T

bd ta réeng le
ba it throw PFV
‘...threw it away.’

SVO Sentence
#9 T E-
reng le ta

throw PFV it
‘...threw it away.’

Spatial Displacement e B & FREE, K. BA Sentence
(The contract in the drawer was very important, v 12 & Z& H £ T
I.) bd ta nd cha ldi le
ba it take out come PFV
‘...took it out.”
SVO Sentence
#% H B K T
nd cha ta ldi le
take out it come PFV
‘...took it out.”

Table 3: Annotated examples of BA-preferred contexts. v' indicates the contextually felicitous continuation; #
indicates the syntactically well-formed but pragmatically infelicitous alternative.

Category Context Target Completions
Habitual Actions BEREHENRD), BRTFHERT..... SVO Sentence
(My younger brother loves sports; he goestothe v B — JEEK.
playground every afternoon to...) 72 Zuqit

kick soccer

‘...play soccer.’

BA Sentence

#98 2K B T
ba  zigii 17 le
ba soccer kick PFV

‘...play soccer.’

Narrative / Schedule Routine  BEBE(FFEL T, FAEBMBEFAT —2 )L, & SVO Sentence

FEEE..... VRS T R sk
(The power went out last night. I sat in the dark didn le na gen lazhi
for a while, then went to the kitchen and...) light PFV that CL candle

*...lit that candle.’

BA Sentence

#42 A R MM A T
bd na gen lazhi  didn le
ba that CL candle light PFV

*...lit that candle.’

Table 4: Annotated examples of SVO-preferred contexts. v* indicates the contextually felicitous continuation; #
indicates the syntactically well-formed but pragmatically infelicitous alternative.
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B Supplementary Results for H1

This appendix reports supplementary evidence for HI. It includes the full model-wise sentence-level
accuracy results, the corresponding model ranking figure, and paired surprisal-differential checks. The
main text reports only the aggregate H1 results.

B.1 Model-wise LLM Surprisal Accuracy

This subsection reports the model-wise H1 accuracy results for sentence-level LLM surprisal. Figure 4
visualizes the model ranking, while Table 5 provides the corresponding BA-preferred, SVO-preferred,
overall accuracy, and balance-gap values.

Qwen3-14B-Base Model BA SVO Overall Gap
Qwen3-14B-Base 94.0 93.0 93.5

Hama:3-88-8ase Llama-3-8B-Base 95.0 89.0 92.0
Mistral-7B-v0.3-Base  97.0 86.0 915 1

Mistral-7B-v0.3-Base

GLM-4-9B-Base 89.0 94.0 91.5
Qwen3-8B-Base 89.0 93.0 91.0
Qwen2.5-1.5B-Base 95.0 86.0 90.5
Qwen2.5-3B-Base 91.0 90.0 90.5
Qwen2.5-14B-Base 90.0 91.0 90.5
Qwen3-4B-Base 88.0 92.0 90.0
Yi-1.5-6B-Base 93.0 86.0 89.5
InternLM2.5-7B-Base  89.0 89.0 89.0
Llama-3.1-8B-Instruct 88.0 88.0 88.0
Qwen2.5-7B-Base 88.0 88.0 88.0
Qwen3-0.6B-Base 90.0 84.0 87.0
Qwen2.5-0.5B-Base 90.0 82.0 86.0
Yi-1.5-9B-Base 89.0 83.0 86.0
Qwen3-1.7B-Base 85.0 85.0 85.0

GLM-4-9B-Base

Qwen3-8B-Base

Qwen2.5-1.5B-Base

Qwen2.5-3B-Base

Qwen2.5-14B-Base

Qwen3-4B-Base

DS ONRNOOO N O RO
[=leleleloleleleoleleleolelelelele)eieleXe )

Pythia-1.4B-Base 97.0 71.0 84.0 2

Yi-1.5-68-Base Pythia—2.8B—Base 96.0 70.0 83.0 2

Llama-2-7B-Base 100.0 65.0 82.5 3

ItemLi.5.76 Base Pythia-410M-Base 100.0 55.0 715 4
Average 92.05 83.81 87.93 9.57

Llama-3.1-8B-Instruct

Qwen2.5-7B-Base

Models (Sorted by Overall Accuracy)

Table 5: Full H1 sentence-level surprisal ac-
curacy by model. BA and SVO indicate ac-
curacy in BA-preferred and SVO-preferred
contexts, respectively. Gap is the absolute
BA-SVO accuracy difference. Values are per-
centages.

Qwen3-0.6B-Base

Qwen2.5-0.5B-Base

Yi-1.5-9B-Base

Qwen3-1.7B-Base

Pythia-1.4B-Base

Pythia-2.8B-Base

Lama-2-7B-Base

Pythia-410M-Base

40 60
Sentence-level Accuracy (%)

Accuracy Metric
mmm OverallAcc  mmm BAAcc msm SVOAcc

Figure 4: Model-wise sentence-level pragmatic discrimination ac-
curacy. Blue bars show overall accuracy; green and orange bars
show performance in BA-preferred and SVO-preferred contexts.
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B.2 Item-Wise Paired Surprisal Differentials

To examine the item-level evidence underlying the H1 accuracy results, we computed a paired surprisal
differential for each contextual minimal pair i:

di = Snonpreferred,i - Spreferred,i7

where S denotes sentence-level mean surprisal in nats. Specifically, the differential was calculated as

g — Ssvo,; — SBA,i, for BA-preferred contexts,
L SBA,i — Ssvo,i, for SVO-preferred contexts.

Accordingly, d; > 0 indicates that the model assigns lower surprisal to the contextually preferred
continuation, whereas d; < 0 indicates a preference reversal.

Figures 5 and 6 show the distributions of these item-wise differentials separately by model and
contextual preference. Each point represents one contextual minimal pair, and the percentage annotation
above each distribution reports the proportion of items for which d; > 0. Positive differentials predominate
across all model-condition combinations, providing descriptive item-level support for H1. However,
the distributions also reveal variation in effect magnitude and consistency: the proportion of positive
differentials ranges from 85% to 100% in BA-preferred contexts, compared with 55% to 94% in SVO-
preferred contexts. The latter variation is particularly pronounced for Llama-2-7B and the smaller Pythia
models. Beyond the binary accuracy measure reported in Section B.1, these distributions reveal the
magnitude, dispersion, and negative tails of the item-wise effects.
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GLM-4-9B-Base InternLM2.5-7B-Bas Llama-2-7B-Base
89% >0 94% >0 89% >0

100% >0 65% >0

-6

Llama-3-8B-Base Llama-3.1-8B-Instruct Mistral-7B-v0.3-Base
8 95% >0 89% >0 88% >0 88% >0 97% >0 86% >0
6

-4
-6
Pythia-410M-Base Pythia-1.4B-Base Pythia-2.8B-Base
8 100% >0 55% >0 97% >0 71% >0 96% > 0 70% >0
6

Snonpreferred - Spreferred (nats)

d=

-4
-6
Qwen2.5-0.5B-Base Qwen2.5-1.5B-Base Qwen2.5-3B-Base
8 90% >0 82% >0 95% >0 86% >0 91% >0 90% >0

BA-pref. SVO-pref. BA-pref. SVO-pref. BA-pref. SVO-pref.
Contextual preference

Figure 5: Item-wise paired surprisal differentials for H1 (Part 1 of 2). For each contextual minimal pair ¢,
di = Shonpreferred,i — Spreferred,i> Measured in nats. Positive values indicate lower surprisal for the contextually
preferred continuation. Points represent individual minimal pairs, violin widths show distributional density, and the
embedded boxplots summarize the median and interquartile range. The dashed horizontal line marks d; = 0, and the
annotations report the percentage of items with d; > 0. Blue and orange denote BA-preferred and SVO-preferred
contexts, respectively.
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Qwen2.5-7B-Base Qwen2.5-14B-Base Qwen3-0.6B-Base

88% >0 88% >0 90% >0 91% >0 90% >0 84%>0

-6

Qwen3-1.7B-Base Qwen3-4B-Base Qwen3-8B-Base
85% > 0 85% > 0 88% >0 92% >0 89% > 0 93% >0

Snonpreferred - Spreferred (nats)
nN

.
A

Qwen3-14B-Base Yi-1.5-6B-Base Yi-1.5-9B-Base
94% >0 93% >0 93% >0 86% >0 89% >0 83% >0

-6

BA-pref. SVO-pref. BA-pref. SVO-pref. BA-pref. SVO-pref.
Contextual preference

Figure 6: Item-wise paired surprisal differentials for H1 (Part 2 of 2). For each contextual minimal pair 4,
d; = Shonpreferred,i — Spreferred,i» Measured in nats. Positive values indicate lower surprisal for the contextually
preferred continuation. Points represent individual minimal pairs, violin widths show distributional density, and the
embedded boxplots summarize the median and interquartile range. The dashed horizontal line marks d; = 0, and the

annotations report the percentage of items with d; > 0. Blue and orange denote BA-preferred and SVO-preferred
contexts, respectively.
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C Supplementary Results for H2
C.1 Source-Label Alignment Without Context

To examine model preferences without preceding textual context, we applied the H1 decision rule to the
original empty-prefix scores. For model m and pair j,

/C\@ _ BAv Ssent,m(TjBA | @) < Ssent,m(T’jSVO | @)’
" SVO, otherwise,

Agzj = 1{@@”]‘ = yj}7

where y; is the intended preference label from the original discourse context. BA was selected only when
its sentence-level mean surprisal was strictly lower than that of SVO; ties were assigned to SVO. For each
model, the label alignment rate was the mean of A ; over the relevant pairs. The model-level rates were
then averaged equally across the 21 models and reported overall and separately for BA-preferred and
SVO-preferred pairs (Table 6).

Mean alignment was 61.28% overall, 81.38% for BA-preferred pairs, and 40.83% for SVO-preferred
pairs. Every model showed higher alignment for BA-preferred pairs, consistent with a tendency to select
BA without preceding textual context. This pattern may reflect a general preference for BA, continuation-
internal cues, or both. For example, aspectual marking such as le( | ) remains available in some BA
continuations even when the preceding context is removed.

Overall BA-preferred SVO-preferred
Model Valid n  Alignment (%) Validn Alignment (%) Validn Alignment (%)
GLM-4-9B-Base' 194 65.46 100 82.00 94 47.87
InternLM2.5-7B-Base 200 59.50 100 67.00 100 52.00
Llama-2-7B-Base 200 55.50 100 100.00 100 11.00
Llama-3-8B-Base 200 60.50 100 100.00 100 21.00
Llama-3.1-8B-Instruct 200 71.50 100 97.00 100 46.00
Mistral-7B-v0.3-Base 200 76.00 100 98.00 100 54.00
Pythia-1.4B-Base 200 65.00 100 98.00 100 32.00
Pythia-2.8B-Base 200 58.00 100 100.00 100 16.00
Pythia-410M-Base 200 70.00 100 94.00 100 46.00
Qwen?2.5-0.5B-Base’ 196 58.67 100 76.00 96 40.63
Qwen?2.5-1.5B-Base’ 196 50.00 100 64.00 96 3542
Qwen2.5-14B-Base’ 196 63.27 100 87.00 96 38.54
Qwen2.5-3B-Base! 196 55.61 100 69.00 96 41.67
Qwen2.5-7B-Base! 196 76.02 100 78.00 96 73.96
Qwen3-0.6B-Base! 196 58.16 100 69.00 96 46.88
Qwen3-1.7B-Base! 196 60.71 100 82.00 96 38.54
Qwen3-14B-Base! 196 64.29 100 71.00 96 57.29
Qwen3-4B-Base' 196 62.76 100 79.00 96 45.83
Qwen3-8B-Base! 196 46.94 100 71.00 96 21.88
Yi-1.5-6B-Base 200 56.50 100 60.00 100 53.00
Yi-1.5-9B-Base 200 52.50 100 67.00 100 38.00
All 21 models 4,154 61.28 2,100 81.38 2,054 40.83

Table 6: Source-label alignment under the original empty-prefix scoring procedure: descriptive estimates by model.

Note. Valid n includes only pairs with finite scores for both continuations; undefined scores were excluded without imputation.
For models marked , the original empty-prefix implementation lacked a usable sequence-start token, so mean surprisal was
computed only over tokens after the first continuation token. Consequently, single-token SVO continuations yielded undefined
scores in 46 model—pair observations. Counts in the final row are summed across models and do not represent unique pairs.

These approximate descriptive alignment estimates should not be interpreted as grammaticality accuracy.
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C.2 Supplementary diagnostics for H2

This appendix provides two supplementary diagnostics for H2. Figure 7 reports SVO-to-BA preference
reversal rates in BA-preferred contexts, while Figure 8 provides an additional bar-chart view of mean
surprisal reduction by context type. These figures complement the main-text dumbbell plot: the reversal
analysis tests whether context can change a model’s preference, whereas the AS bar chart summarizes
the magnitude of contextual surprisal reduction.
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Figure 7: SVO-to-BA preference reversal rates in BA-preferred contexts. A reversal occurs when a model prefers
the SVO continuation without context but prefers the ba continuation after the BA-licensing context is supplied.
Low reversal rates can indicate weaker contextual reweighting, but they may also arise when a model already prefers
ba in the no-context condition.
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Figure 8: Mean surprisal reduction by context type. Values are reported in nats and computed as no-context
sentence-level surprisal minus contextualized sentence-level surprisal.
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D Supplementary Results for H3

This appendix provides the full model-level granularity comparison for H3, together with a tokenizer
diagnostic for the first-token metric. The diagnostic checks whether the first model token of each target
continuation begins with the expected first Chinese character. It does not change the computed surprisal
values; it only assesses whether the first-token score is linguistically interpretable across model families.

Model Sent. Acc. First Acc. Start Rate Warn Rate Tokenizer Status
Llama-2-7B-Base 82.5 0.0 0.000 1.000 Unstable
Mistral-7B-v0.3-Base 91.5 0.0 0.000 1.000 Unstable
Yi-1.5-6B-Base 89.5 0.0 0.000 1.000 Unstable
Yi-1.5-9B-Base 86.0 0.0 0.000 1.000 Unstable
Pythia-1.4B-Base 84.0 70.5 0.075 0.925 Unstable
Pythia-2.8B-Base 83.0 69.0 0.075 0.925 Unstable
Pythia-410M-Base 77.5 69.0 0.075 0.925 Unstable
Llama-3-8B-Base 92.0 77.5 0.915 0.085 Mostly stable
Llama-3.1-8B-Instruct 88.0 73.5 0.915 0.085 Mostly stable
GLM-4-9B-Base 91.5 68.5 1.000 0.000 Stable
Intern.M2.5-7B-Base 89.0 51.5 1.000 0.000 Stable
Qwen2.5-0.5B-Base 86.0 69.0 1.000 0.000 Stable
Qwen2.5-1.5B-Base 90.5 67.5 1.000 0.000 Stable
Qwen2.5-3B-Base 90.5 78.5 1.000 0.000 Stable
Qwen2.5-7B-Base 88.0 71.5 1.000 0.000 Stable
Qwen2.5-14B-Base 90.5 78.0 1.000 0.000 Stable
Qwen3-0.6B-Base 87.0 76.0 1.000 0.000 Stable
Qwen3-1.7B-Base 85.0 67.5 1.000 0.000 Stable
Qwen3-4B-Base 90.0 71.5 1.000 0.000 Stable
Qwen3-8B-Base 91.0 73.0 1.000 0.000 Stable
Qwen3-14B-Base 93.5 75.5 1.000 0.000 Stable

Mean 87.93 57.50 - - -

Table 7: H3 granularity results and tokenizer diagnostic. Sent. Acc. is sentence-level surprisal accuracy; First Acc.
is first-token surprisal accuracy. Start Rate is the proportion of contextualized continuations whose first model token
begins with the expected first Chinese character. Warn Rate is the proportion of cases where the first model token
does not begin with the expected first Chinese character and is therefore less stable for linguistic interpretation. The
diagnostic was computed over 400 contextualized continuations for each model.

Note. A high Start Rate indicates that the first-token score is relatively interpretable as the onset of the BA or SVO continuation.
A high Warn Rate indicates that the first model token may correspond to byte-level or sub-character fragments rather than to a
linguistically meaningful Chinese character. Exact character matching is not required here, because a stable tokenizer may still
encode a multi-character token that begins with the correct first character. For Sent. Acc. and First Acc., a pair was counted as
correct only when the source-context-preferred continuation had strictly lower first-token surprisal than the alternative; equal or
higher values were counted as incorrect. The zero accuracies reported for some models include tied BA and SVO scores and

therefore do not necessarily indicate a consistent preference for the context-dispreferred continuation.
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