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OVERVIEW
BACKGROUND & PROBLEM

RESULTS

TRL is rarely stated explicitly in documents 1. BEST MODEL
Research Prototype "We developed a laboratory prototype..." = TRL must be inferred

External benchmark: best models on IEA gold
> TRL 1 > Rl 2 > Ve >> e, > VRS - Manual annotation Current NLP approaches Few-shot Random Forest 67.7%

* Slow and Expensive « Documents classification
Deployment * Expert-dependent « Bibliometric approach Stack SVM+RF alpha=0.4 65.1%

_ * Smalldatasets « Transformer models Few-shot Naive Bayes 65:0%
* Notscalable (Voltan et al., 2024) (Britt et al., 2008) (Loginova et al., 2025) BERT (Base) | 57.9%

(Mankins, 1995) : NASA

Two-stage SVM (soft) 65.4%

56.8%

e Few labelled datasets Two-stage SVM (hard)

TRL provide a common framework to assess Gaps * Expertannotation required Few-shot SvM (Linear) | 555
. . . 5 o : _ ; ; ci i - 54.3%
technology maturity across the innovation lifecycle. Single-domain studies (Heder, 2017) SEIEERT" |
Best TF-IDF svM/LogReg | 522
TRL supports R&D planning, funding and innovation Models must generalize across domains : Few-shot Logistic Reg. | 51  —
' saseline svv | - 50-3%
management. CORDIS prOJeCtS > IEA reports i Transformer

(training) (evaluation)

.g TRLs are rarely stated in text or metadata. Domain shift boe 10 RZEIJ:]xed accur;g:fon A gofc??within H_i‘};”"RL) o2 1%
It have to be assessed by expert consensus. Large-scale, transferable TRL prediction remains an open challenge.
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. . ] . Our weakly supervised symbolic models outperform deep models on
Can weak supervision bridge the annotation gap? external benchmark.

OBJECTIVES

Generate scalable Evaluate cross-domain Study grammar-aware
annotations transfer representations

2. DOMAIN SHIFT & FEW SHOT ADAPTATION

Domain shift: Silver validation vs IEA gold Zero-shot vs few-shot transfer on IEA
SciBERT -19.3pts @ @

BERT -12.3pts @ ® Strict accurac y Relaxed accuracy =1

Two-stage SVM (soft) -1.6 pts @=—=@

METHODOLOGY oL, I -
WEAK SUPERVISION EVALUATION APPROACHES T— :
HYBRID LABELING TRAIN SET 1 TRAIN SET 2 R R o I -
REGEX + SEMANTIC SIMILARITY Deep models achieve high Silver Few-shot mainly benefits classical
performance but lose up to 19 models, gains remain limited for deep
A points under domain shift. models.
- + +
35C1c:)I:DIS PBt Regex rules Semantic simitarity 34 :;l;’::I?VBIER 34 S:SII;T:VI?EI:{ + 50 G(C;)(:.ll:)j II.D:BELS 3. WHAT MODEL REALLY LEARN # EXPLAINIBILITY
; projects , . . , , ’
hlgh precision hlgh recall FEW SH OT Top SVM few-shot predictors by TRL class
Priority cascade: regex > semantic ZERO SHOT
\ / TRL 1 TRL 4
research | ow [
scientific | controtied |
fundamental | aporatory |
EVALUATION SET casic | component |
fundamental research _ trl4 _
99.2% coverage. g:::::l':: 1 Ve“f'cat'lzz L 1
Only 3.3% explicit TRL mentions. e e tecting,
’ i ) SVM c%efficienf ? - ’ i ;VM coefficﬁient ’ ?
Silver labeled DB IEA Gold DB TRl TRLS
functional | marcet |
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DATAS ETS near _ mission _
relevant _ sales _
Semantic Space Visualization (t-SNE): Domain Shift Analysis " = o =

TRL distribution differs between silver and gold domains Silver labeled DB Gold DB

mmm  Cordis silver
msm |EA gold
Document length

B 4. METRICS COMPARAISON
- Model Relaxed Acc Silver Relaxed Acc Gold MAE on Gold
SVM 0,64 0,50 2,10
N FEE| N —

w
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Share of documents
N
o
<

Stacking (SVM +RF) 0,67 0,65 1,63
| .
R ) 2-stage SVM (soft) 0,67 0,65 1,72
97.8% domain separability. Silver and Gold emphasize different IEA texts are shorter but BERT (Zero-Shot) 0,70 0,58 1,92
maturity levels. lexically richer. SCIBERT (Zero-Shot) 0,73 0,52 2.03
TEXT REPRESENTATIONS Silver validation consistently overestimates real-world performance under
4 hypothesis on grammar impact domain shift.
Baseline performance
=L TF-IDF, words and n-gram (1-3) Deep learning models suffer the largest transfer degradation
Do grammatical representations generalize better than — Text: "The experimental prototype.. (~70% > ~50%).

lexical representations? R1 = Raw text
Robust linguistic representations generalize better than pretrained language
_ Grammar improves robustness B models in the zero-shot setting.
0 Relaxed aceuracy on Silvervs Gold - . - TF-IDF on grammar tags + TRL specific terms
oo = o ool - O -
— i il '__PASSIVE PHASE_POC_LAB totype'

0.6 ., roto e
505 0.3% 9% AR - R2 = Parsed and annotated text — - - PO KEY FINDINGS
205 Structural cues are sufficient

02 L] No vectorization

0. |_I_| {n_tokens: 145, n_future: 0, n_modal: 2, n_passive: o 34,839 Silver TRL labels generated (99°2% coverage)

0.0 HEE 1, 'has_phase_poc_lab: 1, ...}'

R1 lexical R2 grammatical R3 structural R4 full + struct

R3 = Extracted numeric features

¢ TRLs exhibit a coherent ordinal structure (most errors within £1 TRL)

: : : : . Fusionis optimal

Lexical repr ntation rform t in-domain but fail to . . e e s

exicatrepresenta S peé bes domain b m ColumnTransformer(merge) ** Semantic domain shift limits zero-shot transfer
transfer. — |+

"Text: "The experimental prototype...”” + 'Features:

HE N {n_tokens, n_passive, ...}'

* Grammar improves interpretability, not transferability

Structural cues improve robustness under domain shift. R4 = R1 + R3 = raw text + features
CONCLUSIONS NEXT STEPS
Characterize expert decision rules for assigning TRLs.
N A Weak supervision is scalable for large Symbolic methods challenge Transformers under Extend evaluation to additional industrial domains.
V4N scale annotation. realistic low-resource conditions. . . - .
Build domain-aware weak supervision combining expert knowledge, structured
metadata.
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