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SCC Usage Tips



Directory Structure

• /usr*/<your_username>/: your home folder 
• Don’t save anything big here - 10GB limit! 

• /project/cs599b1/students/<your_username>: backed-up disk space 
• We have 100GB to share as a class, so we probably won’t use this much 

• /projectnb/cs599b1/students/<your_username>: non-backed-up disk space 
• Use this for pretty much everything except configuration files 
• We have 1TB to share as a class. (I’m going to ask IT for more - fingers crossed!) 

• /projectnb/cs599b1/projects/: space everyone can view. Good for allowing others in your group to view your files 

• /projectnb/cs599b1/materials/: I’ll put sample code/scripts here



Compute

• Do not run compute- or memory-intensive jobs on the login node! 

• You can install packages (including vLLM) using the login node (but should maybe use 
a CPU or GPU node using qrsh) 

• You shouldn’t run experiments on the login node 

• For debugging and writing code to pass tests, use an interactive node 
•qrsh -l gpu=1 -l gpu_c=8.9 -l h_rt=2:00:00 

• For running larger experiments, submit jobs using qsub 

• I’ve provided an example script in /projectnb/cs599b1/materials/fine-tuning/



Assorted Tips

• If you’re waiting around a while for a GPU, consider asking by capability level rather than 
specific GPU type 
•-l gpu_c=8.9 

• Remember to set your cache folders (e.g., UV_CACHE_DIR, HF_HOME) to be in 
/projectnb/cs599b1/ somewhere so you don’t run out of space in your home folder 

• Consider putting these in your ~/.bashrc 

• I’ve provided an example .bashrc file in /projectnb/cs599b1/materials/ 

• My preferred workflow involves using VSCode to write code w/ a terminal open to log into 
GPU nodes or submit jobs



Agents



Harnesses

• Recall that agents are a combination of model weights, tools, and a harness 

• The harness is the software wrapped around the LM weights. It includes: 

• The system prompt and tool definitions 

• The orchestration loop 

• Context management (compaction, truncation) 

• Permissions and sandboxing 

• The same model can behave very differently in different harnesses: consider Claude 
Code, Codex CLI, OpenHands, etc.



Meta-Harness
Lee et al. [2026] propose a harness for optimizing harnesses!



Meta-Harness



Meta-Harness

• Here, a harness is a Python program that determines how prompting, retrieval, 
memory, and orchestration logic work 

• The proposer is just Claude Code 

• Given minimal guidance describing where to write the harness file, how to inspect 
previous harnesses and their traces, etc. 

• Base model varies by domain 

• Note: no parameters are being optimized!



Meta-Harness



Example Agents

• Most chat models now have access to web search 

• This has largely replaced the database retrieval of the olden days 

• Coding agents are very helpful—as I’m sure many of you are aware 

• Works much the same way as web agents, but with different tools and 
different environments 

• Research agents have promise, but are still controversial



Example: Search-R1



Generate until we see a 
</search>, </answer>, or 
<eos> token

If we see a search query, run search 
and add returned info within 
<information> </information> tags.

If we have <answer> </answer> tags, 
extract and return the answer within.
Else, append this text and keep 
generating.



Example: Search-R1



Example: AI Scientist
sakana.ai became 
controversial in 
2025 when their 
AI Scientist generated 
a paper that received 
good scores at an 
ICLR workshop.

Unique at the time: 
completely unedited 
LLM output.

Less unique these 
days…[Yamada et al., 2025]

http://sakana.ai


Example: SWE-Agent, SWE-smith
• Generate bugs in real repositories 

• Generate bug fix trajectories with 
Claude 

• Fine-tune Qwen2.5-Coder-
Instruct-32B on trajectories where 
the bug was successfully fixed [Yang et al., 2024]

[Yang et al., 
2025]



Example: Kimi K3
• The Kimi K3 paper spends multiple pages on environments and sandboxes: over 50 million 

sandboxes created for training and evaluation! 

• One rollout can feature thousands of tool calls 

• Trained across multiple harnesses: Kimi Code, Claude Code, Codex, etc.



Reward Hacking

• Reward hacking is when a system trained via reinforcement learning optimizes 
the objective without actually achieving the intended outcome 

• A non-agentic example: 



Reward Hacking

• “When a measure becomes a target, it ceases to be a good measure” [Strathern, 
1997] 

• A reward model is at best merely correlated with downstream quality 

• Overoptimization: the model improves at the proxy objective, but this objective 
diverges from the true goal 

• More of a metric problem than a generalization problem



Agentic Reward Hacking

If the reward depends on the 
model’s code passing some tests, 
it could just monkey-patch the 
evaluator function:



Agentic Reward Hacking

If the reward depends on the model writing code to achieve some functionality for 
some well-known problem, it could simply look up solutions to the problem:



Mitigating Reward Hacking

• Make tests and graders read-only and put them outside the sandbox 

• Use a monitor or judge to check reasoning trajectories, rather than just answers 

• Remove leaked answers from an environment when detected 

• Use held-out or private test sets



Agentic Systems Summary

1. Tools help LMs overcome limitations of totally probabilistic generation 
knowledge cutoffs, and enables them to act in an environment 
 
 

2. Using harnesses makes tool use research tractable 
 
 

3. Scaling RL for agents and tools is very hard!



Multi-agent Systems



Multi-agent Systems

• Agents are nice… why not use more than one of them at once? 

• Can pit agents against each other 

• Can have a central agent delegate to subagents



Multi-agent Debate



Multi-agent Debate



Multi-agent Debate



Benefits of Multi-agent Debate



Drawbacks of Multi-agent Debate

• These tend to use way more tokens than a single model 

• (Reasoning models are catching up, though!) 

• Can sometimes require a great deal more memory to handle the long contexts, 
and (when applicable) the multiple agent instances 

• If all the agents are based on the same LM, you could just keep one copy of 
the weights in memory



Internalized Multi-agent Debate

[Yi et al., 2026]



More Complex Multi-agent Systems

Anthropic Advanced Research









When do multi-agent systems fail?

• Belief/debate collapse: agents converge to a single belief, even if not correct 

• Weak verification or inter-agent alignment can lead to worse answers 

• If you get a reasoning model to use a similar number of tokens, you can often get 
similar performance. Is it the multiple agents, or just the use of more compute 
driving performance? 

• Better suited to parallelizable breadth-first tasks



Multi-agent Systems Summary

1. Multiple independent operations can improve accuracy over a single model 
 
 

2. These gains are often expensive: more tokens, longer contexts 
 
 

3. Agents can fail together, either via conformity in debate or miscommunication 
between orchestrator and subagents


