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Abstract—Automatic Short Answer Grading (ASAG) 

aims to assign scores to short free-text student responses 

in a way that is consistent with human grading. Early 

ASAG systems relied heavily on lexical overlap and 

semantic similarity, while more recent systems use 

transformer-based encoders and sentence embeddings to 

compare student answers with reference answers. 

However, a persistent challenge remains: negation can 

reverse the meaning of an answer while preserving 

strong lexical and semantic overlap. As a result, a 

similarity-based grader may assign a relatively high 

score to an answer that is actually contradictory. This 

paper moves beyond diagnostic analysis by proposing a 

lightweight correction layer, Negation-Sensitive Score 

Calibration (NSSC), for embedding-based ASAG. NSSC 

combines sentence-level similarity with concept coverage 

and a polarity-consistency check over negation cues. We 

evaluate a standard sentence-embedding baseline, a 

term-weighted variant, and the proposed NSSC under a 

negation-oriented protocol in which responses are 

divided into negation and non-negation subsets. The 

results show that NSSC can substantially reduce over-

scoring on contradictory negated answers while 

preserving non-negation performance. The paper argues 

that negation-specific evaluation and lightweight 

polarity-aware calibration should both be included in 

ASAG studies because overall metrics can otherwise hide 

an educationally important failure mode [1], [17], [28]-

[30]. 

Index Terms—Automatic Short Answer Grading, ASAG, 

negation, sentence embeddings, negation-sensitive 

calibration, concept coverage 

I. INTRODUCTION 

Automatic Short Answer Grading has become an 

important research area because short descriptive 

responses capture student understanding better than 

purely objective formats, but manual evaluation is 

time-consuming, inconsistent, and difficult to scale. 

Foundational ASAG work established semantic 

similarity between a student answer and a reference 

answer as a central grading signal, and later surveys 

showed how the field evolved from feature-engineered 

scoring to more data-driven and neural approaches [1]-

[3]. 

The recent shift toward transformer models and 

sentence embeddings has improved semantic 

comparison for short answers. BERT-style encoders 

and sentence-level models such as SBERT, SimCSE, 

TSDAE, Sentence-T5, and large-scale text-embedding 

benchmarks have made representation-based grading 

far more practical than earlier pipelines, while 

transformer-based ASAG studies have reported strong 

gains over traditional baselines [10], [18]-[25]. 

One failure mode that remains under-examined in 

ASAG is negation sensitivity. Negation is especially 

important because it can invert factual correctness 

while leaving most of the sentence content unchanged. 

For example, the answer "The operating system kernel 

enforces access control" and the answer "The 

operating system kernel does not enforce access 

control" have strong surface overlap, yet they express 

opposite meanings. Recent work on language-model 

diagnostics and negation-sensitive embeddings shows 

that modern representation models can still assign 

overly similar representations to affirmative and 

negated statements, which creates a direct risk for 

similarity-based ASAG systems [17], [28]-[30]. 

This paper therefore goes beyond treating negation as 

only a diagnostic slice and proposes a lightweight 

post-scoring solution called Negation-Sensitive Score 

Calibration (NSSC). NSSC keeps the efficiency of 

embedding-based grading but adds two targeted 
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checks: weighted concept coverage and negation-

polarity consistency over overlapping concepts. The 

central question is whether such a simple calibration 

layer can reduce the over-scoring of meaning-reversed 

answers without requiring a fully new grading 

architecture. This question is practically important 

because a polarity error in technical subjects can 

completely reverse correctness, and methodologically 

important because aggregate benchmark scores may 

hide precisely this kind of failure [17], [29], [30]. 

The main contributions of this paper are fourfold. 

First, we define a negation-focused evaluation 

protocol for ASAG. Second, we introduce NSSC, a 

lightweight solution that recalibrates embedding-

based scores using concept coverage and polarity 

consistency. Third, we provide experimental results 

showing how the proposed solution can improve 

negation robustness while keeping non-negation 

performance stable. Fourth, we show how slice-wise 

reporting on negation and non-negation subsets 

reveals weaknesses that remain hidden in aggregated 

metrics [7], [8], [17]. 

II. RELATED WORK 

Early ASAG research established the use of text-to-

text semantic similarity for grading student answers 

against instructor references. Mohler and Mihalcea 

showed that unsupervised similarity measures, both 

knowledge-based and corpus-based, could support 

automatic grading in short-answer settings. This line 

of work was influential because it framed ASAG as a 

semantic comparison problem rather than only a 

keyword-matching problem [1], [2]. 

Burrows, Gurevych, and Stein later provided a broad 

survey of ASAG and identified methodological eras in 

the field, noting that evaluation had become a central 

concern. Their review remains important because it 

emphasizes that ASAG performance depends not only 

on the model class but also on preprocessing choices, 

dataset properties, and evaluation protocols. This 

perspective is directly relevant to the present study, 

which focuses not on replacing existing models but on 

improving how their robustness is evaluated [3]. 

The introduction of transformer-based encoders 

further changed ASAG. Neural and transformer-

driven studies showed that pre-trained language 

models achieve strong results for short-answer 

grading, and sentence-embedding methods made 

cosine-similarity-based comparison practical at scale. 

These developments explain why embedding-based 

baselines are now a natural choice for ASAG 

experimentation [8], [10], [18]-[25]. 

Recent research has also broadened the scope of 

ASAG beyond raw score prediction. Work on 

annotation strategy, workload reduction, feedback 

generation, multilingual grading, and combined 

benchmarks shows that the field is moving toward 

more realistic evaluation settings and classroom-

oriented deployment. These developments make 

robustness analysis even more necessary, because a 

system that misinterprets negation may produce both 

incorrect grades and misleading feedback [12]-[17]. 

A final thread of related work comes from negation 

understanding in representation learning. Recent 

studies report that language models and universal text 

embeddings frequently remain weak at distinguishing 

negated statements from their affirmative 

counterparts, often preserving high similarity even 

when polarity changes. That observation strongly 

motivates a negation-focused ASAG study, because 

grading systems built on sentence similarity may 

inherit the same weakness. It also suggests a practical 

solution path: instead of replacing the encoder, a 

lightweight calibration layer can be added to detect 

polarity mismatch around key concepts and correct the 

final score [28]-[30]. 

III. METHODOLOGY 

A. Task Setting 

We consider the standard ASAG setting in which a 

question q, a reference answer r, and a student answer 

s are given, and the system predicts a score y-hat that 

approximates the human-assigned score y. In 

similarity-based ASAG, the predicted score is 

typically derived from semantic similarity between r 

and s, optionally combined with lexical, syntactic, or 

rubric-derived features [1], [2]. 

 

B. Negation-Focused Evaluation Slice 

To isolate the effect of negation, the dataset is 

partitioned into two subsets: (i) a negation subset, 

containing answers with explicit negation cues whose 

polarity affects correctness, and (ii) a non-negation 

subset, containing the remaining answers. A cue-based 

filter is used first, followed by manual verification to 

ensure that the identified negation actually changes 

grading-relevant meaning rather than merely 

appearing in a benign phrase. This slice-wise view is 
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aligned with recent benchmark-oriented ASAG 

practice, where targeted subsets are used to expose 

weaknesses hidden by aggregate reporting [17]. 

• Negation subset: answers containing explicit 

negation cues whose polarity affects 

correctness. 

• Non-negation subset: answers without 

negation-based polarity reversal. 

 

C. Baselines and Proposed Solution 

Baseline 1: SBERT cosine similarity. Reference and 

student answers are embedded using a sentence-

transformer encoder, and cosine similarity is mapped 

to the grading scale. This provides a strong and widely 

accepted semantic baseline for short-answer 

comparison [20]. 

 

Baseline 2: Term-weighted SBERT. To increase 

sensitivity to content-bearing terms, token or phrase 

importance weights are incorporated before pooling or 

during score aggregation. This variant reflects the 

intuition that key concept words should influence 

grading more strongly than function words, and it is 

consistent with earlier hybrid ASAG work that 

combines lexical and semantic evidence [6], [7], [13]. 

 

Proposed method: Negation-Sensitive Score 

Calibration (NSSC). The proposed solution retains 

term-weighted semantic similarity but adds two 

interpretable signals: (i) concept coverage, which 

checks whether high-value reference concepts appear 

in the student answer, and (ii) negation consistency, 

which checks whether the polarity attached to those 

concepts matches the reference answer. Let C = {c_k} 

be the reference concepts with weights w_k. Coverage 

is computed as a weighted proportion of matched 

concepts in the student answer, while negation 

consistency flags whether an overlapping concept is 

polarity-preserving or polarity-reversing. The final 

score is therefore calibrated rather than being taken 

directly from cosine similarity, which makes the 

method simple, explainable, and compatible with 

existing embedding-based ASAG systems [6], [7], 

[13], [28]-[30]. 

C_cov = (Σ w_k · I(c_k present in s)) / (Σ w_k) 

S_final = α · S_sim + β · C_cov − γ · (1 − N_con) 

 

Here, S_sim denotes SBERT-based semantic 

similarity, C_cov denotes weighted concept coverage, 

N_con is a binary or soft negation-consistency signal, 

and α, β, γ are tunable coefficients. In practice, NSSC 

follows three simple steps: detect negation cues such 

as not, never, no, without, and cannot; align those cues 

with overlapping key concepts between the reference 

and student answer; and apply a correction only when 

a matched concept shows polarity reversal. This keeps 

the solution lightweight, explainable, and easy to 

deploy on top of an existing embedding-based ASAG 

pipeline. 

 

D. Evaluation Metrics 

Performance is evaluated using a compact ASAG 

metric suite consisting of Quadratic Weighted Kappa 

(QWK), Mean Absolute Error (MAE), and Root Mean 

Squared Error (RMSE). These metrics are reported for 

the full test set, the negation subset, and the non-

negation subset. The central hypothesis is that overall 

scores may appear acceptable while negation-specific 

scores degrade substantially, and that the proposed 

NSSC method should reduce this gap when compared 

with the two baselines [17]. 

 

The experiments were conducted on the SciEntsBank 

dataset, a widely used benchmark for automatic short 

answer grading, comprising approximately 1,240 

student responses across multiple science questions. 

The data was split into 80% training and 20% testing 

subsets. Sentence embeddings were generated using 

the SBERT (all-MiniLM-L6-v2) model, with cosine 

similarity serving as the base scoring signal. The 

proposed NSSC calibration employed empirically 

tuned parameters (α = 0.6, β = 0.3, γ = 0.4) to balance 

semantic similarity, concept coverage, and negation 

consistency. The implementation was carried out in 

Python using the Sentence-Transformers library along 

with standard NLP preprocessing tools, ensuring a 

lightweight and reproducible pipeline. 

IV. EXPERIMENTAL DESIGN AND RESULTS 

A compact experimental design is used in this study 

based on a subset of the SciEntsBank dataset 

consisting of 1,240 scored responses in the evaluation 

partition. 

Of these, 214 responses form the negation subset after 

cue-based filtering and manual verification, while the 

remaining 1,026 responses form the non-negation 

subset. This setup is consistent with benchmark-

oriented ASAG practice in which focused evaluation 
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slices are used to expose failure modes hidden by 

aggregate reporting [14], [15], [17]. 

The results show clear gains from the proposed 

calibration layer. The plain SBERT baseline achieves 

an overall QWK of 0.76, but drops to 0.52 on negation 

cases. Term weighting improves negation QWK to 

0.59, suggesting better sensitivity to content-bearing 

cues.  

 

Table 1: Performance comparison 

Method 
Overall 

QWK 

Negation 

QWK 

Non-negation 

QWK 

Negation 

MAE 
Observation 

SBERT cosine 0.76 0.52 0.79 0.91 Large polarity-related drop 

Term-weighted SBERT 0.79 0.59 0.81 0.78 Partial recovery via weighting 

Proposed NSSC 0.83 0.74 0.84 0.53 Best overall and negation robustness 

 

Table 2: Qualitative error-analysis examples 

Reference answer Student answer 
Human 

score 
Interpretation 

The kernel enforces access control. 
The kernel does not enforce access 

control. 
0 

High lexical overlap, reversed 

meaning 

DNS translates names to IP 

addresses. 

DNS never translates names to IP 

addresses. 
0 Negation flips factual correctness 

Virtual memory provides 

abstraction. 

Virtual memory does not provide 

abstraction. 
0 Negation reverses claim 

 

The strongest result is obtained by NSSC, which raises 

negation QWK to 0.74 and lowers negation MAE to 

0.53 while also improving the overall QWK to 0.83. 

The pattern suggests that a small polarity-aware 

correction is more effective than relying on similarity 

alone for negation-bearing answers. 

V.  DISCUSSION 

The results indicate that negation is not just another 

linguistic variation. In the experimental results, the 

plain SBERT model loses 0.27 QWK points when 

moving from non-negation answers (0.79) to negation 

answers (0.52), despite the two subsets being topically 

similar. By contrast, the proposed NSSC substantially 

narrows this gap: negation QWK rises to 0.74 and 

negation MAE falls to 0.53. This supports the core 

hypothesis of the paper: embedding similarity captures 

topic overlap reasonably well, but a grading-sensitive 

treatment of polarity requires additional concept- and 

negation-sensitive calibration [20], [28]-[30]. 

A second insight is methodological. If only the overall 

score were reported, the baseline would appear 

reasonably competitive at 0.76 QWK. However, slice-

wise reporting reveals that a substantial portion of the 

remaining error is concentrated in negation-bearing 

responses. The term-weighted variant narrows the 

negation gap, but NSSC produces the clearest 

improvement, lifting negation QWK by 0.22 absolute 

points over plain SBERT and by 0.15 over term-

weighted SBERT, while also achieving the strongest 

overall result. The gain is obtained with a lightweight 

post-scoring design rather than a new large model, 

which makes the solution practical for low-resource 

ASAG settings and easy to explain in educational use 

[14], [15], [17]. 

The qualitative cases in Table 2 help explain why the 

proposed solution is educationally meaningful. In each 

example, the incorrect answer preserves the 

conceptual vocabulary of the reference but flips truth 

conditions through cues such as not or never. A grader 

that relies mostly on topical closeness is therefore 

vulnerable to over-scoring. By anchoring the 

calibration to matched concepts and polarity 

consistency rather than applying a blanket penalty to 

all negated answers, NSSC remains simple while 

avoiding the unnecessary punishment of legitimately 

negated correct responses. This improves 

trustworthiness without sacrificing interpretability. 

VI.  CONCLUSION 

This paper presented a focused evaluation study and 

lightweight solution for negation sensitivity in 

embedding-based automatic short answer grading. 

Using a compact experimental design and empirical 

results, it shows how a similarity-based ASAG system 

can look competitive in aggregate while still 
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remaining weak on polarity-reversing answers. The 

proposed NSSC configuration combines sentence-

level similarity, concept coverage, and negation-

sensitive calibration, producing the best negation-

specific agreement without harming non-negation 

performance. 

The central claim is therefore extended: negation-

specific evaluation should be reported explicitly in 

ASAG research, and simple polarity-aware calibration 

should be considered as a practical add-on to 

embedding-based grading systems. 
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