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Scope of my work and relevance

➔ My goal is to identify how practically useful LLMs can be for 
real world use cases. We can see the usefulness in code 
generation, but other domains still seem to lag behind.

➔ The topic is probably too broad, but I have touched upon all 
of these subjects;
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Work completed I: 01.06.25 - 31.08.25

Project at LU “Mākslīgā intelekta metožu piemērotības 
analīze Eiropas Savienības fondu projektu jomā (VPP-CFLA)”

➔ Publication: “Dataset and Baseline Implementation for Retrieval-
Augmented Procurement Validation”; Accepted at 14th Computing 
Conference 2026, London

➔ “Retrieval-Augmented Generation for Procurement Validation”; 
Accepted at ICAART 2026 : 18th International Conference on Agents 
and Artificial Intelligence; Marbella, Spain

First author publication based on my master’s thesis

➔ “Crosscoders for small LLM checkpoint diffing: Qwen and Llama 
model case study”; Accepted at 14th Computing Conference 2026, 
London, 9-10 July.
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Work completed II: 02.10.25 - 31.08.26 (expected)

Project at LUMII for LETA: “Lielo valodu modeļos balstīta virtuālā 
asistenta izstrāde atbilžu izgūšanai no liela apjoma teksta datu 
masīviem”

➔ Publication: “Towards Reliable Evaluation of Legal QA Systems using 
LLM-as-a-Judge”; Submitted to Baltic DB&IS 2026: 17th International 
Baltic Conference on Digital Business and Intelligent Systems

➔ Planned:
◆ Applying for new projects
◆ Other publications after project
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CFLA project I: The problem

CFLA (Central financing & contracting 
agency) wants to investigate if its 
possible to evaluate procurement 
proposals more quickly using RAG.

➔ They gave us real procurement 
evaluation criteria, proposals and their 
evaluations by experts (30 document 
examples, each has ~150 
questions/answers based on 
documentation)

➔ They expected a system prototype that 
can use user provided context, relevant 
laws to fill their evaluation 
questionnaire
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CFLA project II: Data

➔ We manually annotated and 
mapped all the questionnaire 
answers;

➔ Re-wrote some questions for 
clarification and split up 
questions that had 
dependencies;

➔ The data was easy to work 
with because there were only 
3 outputs: “yes”, “no”, “n/a”. 
We also gave the LLM the 
option to say: “there is not 
enough context”.
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CFLA project III: Workflow

Later we also performed fine-tuning 
on the bge-m3 embedding model by 
using 7083 Latvian procurement 
projects generating questions about 
certain segments and then using this 
as training data (215,971 segments 
and 430,137 generated questions).
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CFLA project IV: Results
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CFLA project V: Conclusions

➔ LLMs that were SOTA at the time (GPT-4o) performed quite 
well on this task when provided the context;

➔ We did not do more rigorous analysis to find false positives -
i.e., correct answer but incorrect reasoning.

➔ Narrowly fine-tuning an embedding model with such a naive 
method does improve performance;
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Crosscoders I: The problem

➔ LLMs that are fine-tuned (for 
example, instruction following 
models) unlock useful abilities;

◆ And sometimes not so useful -
sycophancy, misalignment;

➔ We don’t know what changes;

➔ Studying the differences 
between models should be 
easier than studying the whole.
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Crosscoders II: Objective

Based on prior work 
[Minder, Dumas et.al, and 
Anthropic research] 
investigate the crosscoder 
feature extraction method 
for small and untested 
models (Qwen-2.5 0.5, 1.5B, 
Llama-3.2-1B). 

1. See if the method is 
extendable;

2. Document interpretable 
features and experiments.
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Llama3.2-1B (base) and Llama3.2-1B-instruct crosscoder shared interpretable 
features example. Feature that activates before outputing “diabetes” token.



Results: Llama3.2-1B Crosscoder interpretable feature / latent examples. In total 16,384 
latents were extracted - 131 instruction un 92 base model specific. Feature that contains 
inappropriate language is marked in red. 12



Crosscoders III: Architecture
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Llama3.2-1B crosscoder decoder latent relative norm (L2) strength.

Crosscoders IV: Feature classification
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Llama3.2-1B crosscoder decoder latent cosine similarity.

Crosscoders V: Feature classification
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Crosscoders VI: Conclusions

➔ LLMs don’t create many new features when fine-tuned, just adjust 
existing representation;

◆ Models can get easily misaligned with fine-tuning.

➔ The L1 (initially proposed) Crosscoder does not extract 
monosemantic model specific features; 

➔ Features extracted highly depend on the dataset used (no 
completeness).
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Crosscoders VII: Conclusions

896 = Residual stream for a small Qwen0.5B model typically 2048 to 
4096 or even SOT which can be as large as 12k+
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Interpretability is costly!



LETA project I: The problem

LETA (latvian national information agency) wants to improve it’s 
services by adding a RAG system that can generate answers to user 
questions using their legal acts database (legis).

As a proxy for this problem we are using lvportals data, which contains 
real user legal questions, lawyer answers and references to laws. 
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LETA project II: Pipeline / tuning-dimensions

19

Data

Law context 
retrieval 

(embedding 
model)

Judge 
(LLM)

Generation 
(LLM)

RAG

Data: user questions, 
lawyer answers; 
gold_context -
references - likumi.lv law 
points. 31k total samples. 
4.5k with only likumi.lv 
laws.



LETA project III: Q/A example
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LETA project IV: Judge and rubrics

We use boolean type questions; Qualitative score from 1-4.

Coverage of Questions and Relevance
➔ answers_all_questions (mentions all user questions); Bold = hard constraint
➔ no_unrelated_content

Internal consistency - no internal hallucinations, illogical internal 
conclusions
Supported by context

➔ has_citations
➔ all_relevant_context_used
➔ correct_utilization_of_context
➔ no_external_information_used - no external halucinations
➔ correct_formatting_of_references

Consistency with reference
➔ no_missing_context_in_gold*
➔ no_conflicting_conclusion
➔ no_practical_omissions 21



LETA project V: Evaluation framework
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LETA project VI: Embedding evaluation

23Embedding recall histogram BAAI_bge-m3; 588 queries.



LETA project VII: Current problems

➔ Data
◆ Difficult to work with, contains confusing legal jargon;
◆ References are not specific, missing or lawyers make logical leaps based on outside 

knowledge;
◆ Laws change over time.

➔ Retrieval
◆ Low precision & recall;
◆ Relying on LLM for dataset.

➔ Generation
◆ Not enough computing resources - have to rely on weaker models.

➔ Judge
◆ Not enough computing resources;
◆ We have no legal experts to evaluate our final answers.
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LETA project VIII: Conclusions

➔ When dealing with a weaker 
model and larger contexts 
models seem to struggle less if 
you use control tokens: 
<law_context><law_context/>

➔ Best embedding model for our 
use case: BAAI_bge-m3*

➔ Best price* to performance LLM 
(at the moment): GPT-5-mini
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➔ You should be as specific with 
your prompts as posible (other 
error example)

➔ Gpt-oss-120B is ok, but it struggles 
with Latvian language, sometimes 
still makes logic errors. ~70% 
accuracy with gold context***; It 
does not judge itself well

➔ Using an English prompt doesn’t 
seem to meaningfully increase 
performance



Summary

➔ 1 Leading author publication that I will be presenting in a 
conference in London (Interpretability)

➔ 2 other publications that are published internationally 
(Evaluation and Enhancement)

➔ 1 publication currently submitted to Baltic Jurnal (Evaluation and 
Enhancement)

➔ 1 more publication planned (Evaluation and Enhancement, 
Interpretablity?)
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Thank you for your attention!

Discussion questions:

➔ CFLA project
➔ Mechanistic interpretability
➔ LETA project + Demo
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