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Eurus: Reasoning Generalists Covering Multiple Tasks.

Eurus variants achieve the best overall performance among open-source models of similar sizes at the
time of its release, outperforming specialized models in corresponding domains in many cases. Particularly,
Eurus-70B beats GPT-3.5 Turbo in reasoning through a benchmarking across 12 tests (mostly OOD)
covering five tasks.

Table 3: Overall performance. All test sets except MATH are out-of-distribution to our models and
most baselines. MAmmoTH, OpenChat, and Starling-LM have been trained on TheoremQA test sets.
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Eurus-RM: (was) State-of-the-Art 7B Reward Model.

Table 4. Results on reward modeling benchmarks. UF: UltraFeedback; US: UltraSafety. The best performance i
bold and the second best one is underlined. Most baseline results are from (Jiang et al., 2023b) and (Lambert et

Reward Bench Auto]

-ach benchmark is in
2024).
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Figure 4. Results on reranking Mistral-7B-Instruct-v0.2's responses. Full results in Table 9.

The Secret Behind Eurus?
Ultralnteract: Preference Trees For Reasoning.

Ultralnteract collects a preference tree for each instruction, with the instruction being the root and
each action a node, two nodes at each turn. All nodes of correct actions can be used for SFT. Paired
correct and incorrect trajectories can be used for preference learning and reward modeling.
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Figure 2. Left: CodeActInstruct (Wang et al., 2024) and Code-
Feedback (Zheng et al., 2024); Middle: HH-RLHF (Bai et al.,
2022); Right: ULTRAINTERACT. Each instruction in ULTRAIN-
TERACT is constructed as a preference tree.

@ Inaclassroom, x children have 7 books each. [..] what is the value of unknown variable x ?

© Generation ®
<thought>
Step 1: First, let's calculate the total [..).
Step 2: Then, we need to add the [....
Step 3: The sum of the books should [..)
</thought>
<exocute>

p 4: First, let's calculate [
total_books_child = x *

we need to add [.]

# Step 6: We can now solve for [.]
x=(78-8)/7

<solution>

</solution>

© Observation

Your answer is wrong.

- @ critique ...

Expert feedback:
Your thought process is
accurate and your error lies
in your code. You need to
define 'x first [..]

© Generation ®

<thought>
Step 1: First, create an equation |...).
Step 2: Each child has 7 books, o |...].
Step 3: The teacher brings 8 [...].
Step 4: Now we can solve for x by [...).
</thought>

<execute>
# Step 5: Setting up equation
equation = “7x + 8 78"
# Step 6: Solving for x:
x=(78-8)/7

<Jexecute>

<solutions

x
</solution>

© Observation

)
out: 10.0

Your answer is
correct.

© Ccritique ..o

Expert faadback
Good job! You have fixed
the error in last turn.
Now your answer is
correct. [..]

Figure 3. An illustrative example of an ULTRAINTERACT trajectory over two turns. In each tumn, the actor model generates step-by-step

reasoning chains, and the environment and the critique model provide

Explicit Reward as A Proxy?
Hypothesis for Preference Learning in Reasoning.

We find that KTO and NCA can
improve model performance on top of
SFT. Inspecting the rewards, they
optimize not only reward margins
but also absolute values. We
assume this behavior is necessary in
preference learning for reasoning,
where correct answers are more
important.
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Figure 5. Reward patterns of EURUS-7B preference learning with DPO, KTO, and NCA. For all algorithms, the rewards of rejected data
keep decreasing and the margins between chosen and rejected data keep increasing. However, the rewards of chosen data decrease below
7ero in DPO while keeping increasing and staying positive in KTO and NCA. The absolute values of the reward in the last step (in red) of
the three algorithms positively correlate with their performance in Table 3.

Ablation Study: Tree Structure Benefits Multi-turn Interaction Ability

We decomposed a multi-turn tree into multiple single-turn pairs and trained Llama-3-Eurus-8B on
single-turn pairwise data. Compared to training on single-turn pairs, training on multi-turn trees enjoys
huge benefits on multi-turn interaction ability and slightly improves the overall performance.

Table 15: Model performance when trained on multi-turn and single-turn pairs from ULTRAINTER-

ACT.
Model Coding Math Reasoning | Ins-Following | Multi-Turn | Av:
HumanEval MBPP  LeetCode | GSMPLUS MATH TheoremQA SVAMP  ASDiv | BBH (CoT) IFEval | Code Math |

Llama-3-Eurus-8B-SFT 512 519 17.2 50.7 213 822 837 724 47.1 | 184 245 | 466
+DPO 439 1.7 453 214 54.1 675 7.3 56.7 213 392 | 424
+ DPO (Single Turn) 49.4 94 545 28 76.9 85.1 22 571 370 | 471
+KTO 51.8 15.6 548 249 80.1 86.7 ni 50.6 374 | 494
+ KTO (Single Turn) 53.7 14.4 548 23.1 77.8 86.2 72.1 49.9 330 | 481
+NCA 50.6 15.6 55.2 254 79.9 875 71.7 56.2 363 | 49.6
+ NCA (Single Turn) 53.7 16.1 554 254 79.3 87.5 722 542 355 | 486




